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ABSTRACT 
The sustainability of housing units can be improved by optimizing their social, 
environmental, and economic performances. The integration of green building 
equipment and systems such as geothermal heat pumps and water-efficient 
faucets often improves the social and environmental performances of housing 
units; however they can increase their initial cost and life cycle cost. Therefore, 
decision-makers need to carefully analyze and optimize the potential tradeoffs 
between the social, environmental, and economic performances of housing units.  
The main goal of this study is to develop novel multi-objective models for 
optimizing the sustainability of single-family housing units that represent 66% of 
the residential housing inventory in the US. To accomplish this goal, the research 
objectives of this study are to develop (1) an innovative housing social impact 
model that is capable of generating and analyzing optimal tradeoffs between the 
social quality of life for housing residents and the life cycle cost of housing; (2) a 
novel housing environmental performance model for maximizing the 
environmental performance of housing units while minimizing their initial cost; (3) 
a multi-objective optimization model that provides the capability of generating 
optimal tradeoffs among the three housing sustainability objectives of social 
quality-of-life, environmental performance, and life cycle cost; and (4) a scalable 
and expandable parallel computing framework that provides the capability of 
reducing the computational time of optimizing housing sustainability decisions and 
transforming this optimization problem from an intractable problem to a feasible 
and practical one.  
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The performances of these developed models and framework were analyzed and 
refined using case studies of single-family housing units. The results of these 
performance evaluations illustrated that the developed optimization models were 
capable of generating a wide range of optimal solutions, where each identifies an 
optimal configuration of design and construction decisions that provides an optimal 
tradeoff among the three housing sustainability objectives. These novel research 
models and framework are expected to enhance the current practice of housing 
design and construction and contribute to maximizing the sustainability of single-
family housing units. 
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CHAPTER 1 
1 INTRODUCTION 
1.1 Overview and Problem Statement 
The Energy Information Administration (EIA) reported that the energy consumption 
of residential housing units in the United States accounts for 39% of the national 
electricity consumption, 23% of energy use, and 16% of CO2 emissions, as shown 
in Figure 1.1 (EIA and DOE 2011). Moreover, the quality-of-life for many housing 
residents is reported to be negatively affected by their exposure to thermal 
discomfort and/or poor indoor air quality (EPA and Office of Air Radiation 1991; 
Kibert 2005; Schenck et al. 2010). To minimize these negative environmental, 
economic and social impacts, an increasing number of developers and owners are 
demanding that their housing units be more sustainable. This recent and 
increasing demand for sustainable housing units presents decision-makers in the 
architecture/ engineering/construction (A/E/C) industry with new and pressing 
challenges, including: (1) how to measure and model the collective impact of 
housing decisions on the social quality-of-life for the residents; (2) how to quantify 
and model the impact of design and construction decisions on the overall 
environmental performance of housing units; (3) how to optimize the selection of 
sustainability measures from a set of feasible alternatives to optimize the tradeoffs 
among the social, environmental, and economic performances of single-family 
housing units; and (4) how to enable a practical and computationally-efficient 
optimization of housing sustainability decisions using parallel computing 
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frameworks, as show in Figure 1.2. To address these pressing challenges in the 
A/E/C industry, this study will focus on optimizing the sustainability of single-family 
housing units that represents 66% of the residential housing inventory in the US, 
as shown in Figure 1.1 (US Census 2000).  
 
Figure 1.1: Building energy consumption and emissions (EIA and DOE 2011) 
 
Figure 1.2: Challenges in sustainable single-family housing design and 
construction 
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Figure 1.3: Housing types (US Census 2000) 
A number of research studies were conducted to investigate and improve the 
sustainability performance of residential buildings and housing units. These 
studies focused on: (a) environmental performance of building design and 
construction (Allen 2002; Andersson et al. 1985; Cole 1999a; Cole 1999b; Kibert 
2005); (b) green building materials (Han et al. 2007; Malin 1999; Odum 2002); (c) 
cost-effective and energy efficient building envelopes (Clevenger and Haymaker 
2011; DOE et al. 1998; Keoleian et al. 2000; Tuhus-Dubrow and Krarti 2010; Wang 
et al. 2005); (d) improved thermal comfort and indoor air quality (DOE 2011; 
Magnier and Haghighat 2010; Peeters et al. 2009; Synnefa et al. 2007; The Board 
of Regents of the University of Wisconsin 2013); and (e) building energy 
optimization models (ASHRAE 2006; Morrissey et al. 2011; Rakha and Nassar 
2011; Wang et al. 2006; Yi and Malkawi 2009). Despite the significant contributions 
of these studies on sustainable housing construction, there has been little or no 
reported research that addressed the aforementioned challenges. As shown in 
Figure 3, there is a pressing need to conduct basic research to meet these 
challenges in optimizing the sustainability of single-family housing units. To this 
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end, this study will explore and develop novel interdisciplinary models and 
frameworks to address these challenges. 
1.2 Research Objectives 
The main goal of this study is to develop novel multi-objective models for 
optimizing the sustainability of single-family housing units. To accomplish this, the 
objectives of this study, along with its relevant research questions and hypotheses 
are summarized as follows: 
Objective 1: Develop a novel social impact model to measure and maximize the 
impact of design and construction decisions on the overall social quality-of-life for 
the residents of single-family housing units. 
Research Questions: Which metrics can be utilized to assess the social impacts 
of single-family housing units? How can these metrics be integrated to compute 
the collective social impact of single-family housing units? Which optimization 
techniques can be utilized to generate optimal tradeoffs between social impact and 
cost performances of single-family housing units? 
Hypothesis: A social impact model for single-family housing units can be used to 
analyze and optimize tradeoffs between minimizing the cost of the housing units 
and maximizing the social quality-of-life for their residents. 
Objective 2: Develop an innovative environmental performance model that is 
capable of quantifying and optimizing the impact of design and construction 
decisions on the overall environmental performance of single-family housing units. 
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Research Questions: Which metrics can be used to quantify the environmental 
performances of single-family housing units? How can the performance in these 
metrics be aggregated to model the collective environmental performance of 
single-family housing units? Which optimization techniques are best suited to 
generate optimal tradeoffs between the environmental and cost performances of 
single-family housing units? 
Hypothesis: An environmental performance model for single-family housing units 
can be used to optimize the potential tradeoffs between minimizing single-family 
housing cost and maximizing its overall environmental performance. 
Objective 3: Develop a multi-objective optimization model for maximizing housing 
sustainability to assist decision-makers in selecting optimum design and 
construction decisions from a set of feasible alternatives to maximize the social, 
environmental, and economic performances of single-family housing units. 
Research Questions: What are the decision variables and constraints that best 
represent the optimal selection of sustainable design and construction decisions 
for single-family housing units? How to search for and identify optimal tradeoffs 
among the aforementioned three sustainability objectives (social, environmental, 
and economic) for single-family housing units? What are the most effective 
optimization techniques to generate optimal tradeoffs among these three 
optimization objectives for single-family housing units?  
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Hypothesis: A multi-objective optimization model for maximizing the sustainability 
single-family housing units can be used to generate optimal tradeoffs among the 
social, environmental, and economic performances of single-family housing units. 
Objective 4: Formulate a parallel computing framework for optimizing housing 
sustainability decisions and evaluate its efficiency in reducing the required 
computational time and effort.   
Research Questions: How can a parallel computing framework be formulated to 
optimize housing sustainability decisions? How to integrate and link the 
computations of the parallel genetic algorithms and external building energy 
simulation algorithms such as EnergyPlus? What are the time savings that parallel 
computing can produce for housing sustainability problems? Can parallel 
computing be used to transform the optimization of housing sustainability from an 
intractable problem to a feasible and practical one? How many parallel processors 
are needed to ensure an efficient solution for this problem?  
Hypothesis: A parallel computing framework can significantly reduce the 
computational time of optimizing housing sustainability decisions and can 
transform this optimization problem from an intractable problem to a feasible and 
practical one.  
1.3 Research Methodology and Tasks 
In order to accomplish the objectives of this study, the research methodology 
includes five main research tasks that are designed to: (1) conduct a 
comprehensive literature review; (2) develop a social impact model; (3) develop 
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an environmental performance model; (4) develop a multi-objective optimization 
model; and (5) develop a parallel computing framework (see Figure 1.4). 
1.3.1 Task 1: Conduct a Comprehensive Literature Review  
This task will focus on conducting a comprehensive literature review to identify 
sustainability measures for the design and construction of single-family housing 
units and their impact on the quality-of life for the residents as well as the 
environmental and economic performances of the housing unit. The work in this 
research task is organized in the following subtasks:  
1.1- Investigate and identify the latest research on building energy simulation 
algorithms (e.g., DOE2), building energy optimization models, sustainability 
measures for single-family housing units (e.g., high-efficient insulation 
materials, ENERGY STAR rated appliances, thermal pane window glasses, 
and high-efficient HVAC systems), and decision making techniques for 
sustainable buildings such as particle swarm optimization, genetic 
algorithm.  
1.2- Investigate the environmental, economic, social impacts of sustainability 
measures on the overall performance of single-family housing units.  
1.3.2 Task 2: Develop a Social Impact Model 
This task will focus on developing a social impact model which is capable of 
computing a social performance index allowing decision-makers to quantify and 
optimize the social quality-of-life for the residents of single-family housing units. 
The work in this research task is organized in the following subtasks:  
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2.1- Identify all relevant social impact metrics that are capable of modeling the 
impact of design and construction decisions on the social quality-of-life for 
single-family housing residents. 
2.2- Formulate a social impact model to compute a social impact index which 
evaluates and quantifies the social performances of design and 
construction decisions for single-family housing units. Moreover, this 
subtask will also develop an optimization model for optimizing the social 
quality-of-life for the residents of single-family housing units. 
2.3- Implement the social impact model using genetic algorithms. 
2.4- Evaluate and improve the performance of developed social impact model 
using a case study of single-family housing units. 
1.3.3 Task 3: Develop a Environmental performance Model 
This task will focus on developing an environmental performance model to enable 
decision-makers to analyze and optimize the impact of their design and 
construction decisions on the environmental performance of single-family housing 
units. The work in this research task is organized in the following subtasks:  
3.1- Identify environmental performance metrics based on a comprehensive 
literature review of the latest research on green housing measures and their 
environmental performance. This subtask will identify all relevant metrics 
based on their impact on the overall environmental performance on single-
family housing units. 
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3.2- Formulate an environmental performance model to quantify and maximize 
the impact of design and construction decisions on total environmental 
performances of single-family housing units.  
3.3- Implement environmental performance model using genetic algorithms. 
3.4- Evaluate and improve the performance of developed environmental 
performance model using a case study of single-family housing units. 
1.3.4 Task 4: Develop a Multi-Objective Sustainability Optimization Model 
This task focuses on developing a multi-objective optimization model for 
maximizing the sustainability of single-family housing units. The work in this 
research task is organized in the following subtasks:  
4.1- Identify all relevant decision variables based on the findings of the previous 
research tasks and the developed optimization models.  
4.2- Formulate a multi-objective optimization sustainability model that is capable 
of generating optimal tradeoffs among the social, environmental, and 
economic performances of single-family housing units.  
4.3- Implement sustainability model using genetic algorithms. 
4.4- Evaluate and improve the performance of developed sustainability model 
using a case study of single-family housing units. 
1.3.5 Task 5: Formulate a Parallel Computing Framework 
This task will focus on formulating a parallel compting framework for optimizing the 
sustainability of single-family housing units. The work in this research task is 
organized in the following subtasks: 
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5.1-   Design and implement a global parallel genetic algorithm framework to 
integrate and link the computations of the parallel genetic algorithms and 
external building energy simulation algorithms such as EnergyPlus in order 
to enable an efficient distribution of the genetic algorithm computations over 
a number of parallel processors.  
5.2-  Evaluate and refine the performance of the developed parallel genetic 
algorithm framework using parallel computing performance metrics.  
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Figure 1.4: Research tasks 
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1.4 Research Significance 
The developed models and framework in this study are expected to provide 
significant contributions in a number of important research areas including:  
(1) Quantifying and optimizing the social and environmental performances of 
housing units: The newly developed social impact model and environmental 
performance model integrate novel metrics that are capable of quantifying and 
optimizing the impact of design and construction decisions on the social and 
environmental performances of single-family housing units, respectively. 
Furthermore, these two novel models provide new and unique capabilities to 
support decision-makers in generating and analyzing optimal tradeoffs between 
(a) the social quality-of-life for housing residents and the life-cycle cost of housing 
units; and (b) the environmental performance of housing units and their initial cost.     
(2) Optimizing tradeoffs among housing sustainability objectives: The developed 
innovative multi-objective optimization model for maximizing housing sustainability 
provide new and unique capabilities to support decision-makers in searching for 
and identifying an optimal set of design and construction solutions, where each 
represents a unique and optimal tradeoff among the three sustainability objectives 
of maximizing housing social, environmental, and economic performances. 
(3) Formulating a parallel computing framework: The formulated parallel 
computing framework provide a scalable and expandable framework that is 
capable of significantly reducing the computational time of optimizing housing 
sustainability decisions and transforming this optimization problem from an 
intractable problem to a feasible and practical one.  
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1.5 Thesis Organization 
The organization of this report and its relation with research objective, tasks, and 
deliverables is described as follows:  
Chapter 2 presents a comprehensive literature review of the latest research on 
building energy performance simulation algorithms that were used in building 
optimization models, building optimization models, new and emerging 
sustainability measures for single-family housing units, optimization and decision-
making techniques that can be used to enable multi-objective optimization of 
sustainability decisions for single-family housing units, and limitations of existing 
studies and research gaps. 
Chapter 3 presents the development of a social impact model that provides the 
capability of maximizing social quality-of-life for housing residents while minimizing 
the life-cycle cost of the housing unit. The chapter introduces the development of 
all relevant criteria and metrics to measure and evaluate the impact of housing 
design and construction decisions on the social quality-of-life for housing residents. 
The developed model is implemeted and evaluated using an application example 
to assess and improve its performance. 
Chapter 4 discusses the development of an environmental performance model that 
is capable of optimizing housing design and construction decisions in order to 
generate optimal tradeoffs between maximizing the overall environmental 
performance of housing units and minimizing their initial costs. The chapter 
presents a comprehensive set of metrics and novel methodology that can be used 
to measure and quantify the impact of the design and construction decisions of 
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housing units on their environmental performance including greenhouse gas 
emissions and water consumption, and initial cost of the housing unit. The 
performance of the developed model is illustrated using an application example to 
evaluate and refine its performance. 
Chapter 5 presents a multi-objective optimization model that is capable of 
optimizing housing design and construction decisions in order to generate optimal 
tradeoffs among the three sustainability objectives of maximizing the 
environmental performance of housing units, maximizing the social quality-of-life 
for their residents, and minimizing their life-cycle cost.  An application example is 
analyzed in this Chapter to illustrate the use of the developed model and evaluate 
its performance. 
Chapter 6 describes the development of a parallel computing framework to reduce 
the computational time for optimizing the sustainability of single-family housing 
units. The chapter also analyzes the feasibility of this framework based in its 
computational effort, computational time, and quality of solution.  
Chapter 7 discusses the conclusion, research contributions, and recommended 
future research.   
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CHAPTER 2 
2 LITERATURE REVIEW 
2.1 Introduction  
A comprehensive literature review has been conducted to establish a solid starting 
point for this research study. A number of studies were conducted to optimize 
building design in order to (a) minimize the energy consumption of buildings; and 
(b) maximize the thermal comfort of building occupants. These studies used 
various research methodologies that integrated building energy simulation 
algorithms such as DOE2 and optimization techniques such as particle swarm and 
genetic algorithms. The following sections in this chapter provide a concise 
summary of the reviewed literature on these related research topics: (1) building 
energy performance simulation algorithms that were used in building optimization 
models such as DOE2; (2) building optimization models; (3) new and emerging 
sustainability measures for single-family housing units; (4) optimization and 
decision-making techniques that can be used to enable multi-objective 
optimization of sustainability decisions for single-family housing units; and (5) 
limitations of existing studies and research gaps. 
2.2 Building Energy Performance Simulation Algorithms 
A number of studies that focused on optimizing building design utilized various 
whole-building energy simulation algorithms in their models such as DOE-2, 
BLAST, EnergyPlus, and TRNSYS (Bichiou and Krarti 2011; Congradac and Kulic 
2009; Johnson et al. 1984; Kumar et al. 2007; Magnier and Haghighat 2010). The 
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following sections provide a brief description of these building energy simulation 
algorithms and their capabilities.  
2.2.1 DOE-2 
DOE-2 was developed as an energy performance analysis algorithm to assist 
engineers and architects in calculating and analyzing building energy consumption 
based on actual weather conditions and building design (Birdsall et al. 1990; DOE 
et al. 1998). DOE-2 was developed by US Department of Energy and is widely 
used throughout the world (Crawley et al. 2001). DOE-2 examines a building 
thermodynamically and performs non-linear flows of energy through and among 
all of the building surfaces and enclosed volumes, driven by a variety of heat 
sources (DOE et al. 1998).  
DOE-2.2 is the latest version of DOE-2 and it performs its energy use analysis of 
buildings in four sections (see Figure 2.1): (a) Building Description Language 
(BDL) section, which is an input processor that accepts user-provided data on input 
functions in loads and systems, hourly report frequencies, saving files of hourly 
output for post processing, sharing hourly report data among program modules, 
the metric option, and input macros and general library features; (b) LOADS 
section, which calculates heating and cooling loads imposed upon a building 
HVAC, and contains information on sunspaces, sunspace modeling, window 
management and solar radiation, daylighting, fixed shades, fins and overhangs, 
shade schedules, self-shades, heat distribution from lights, the Sherman-Grimsrud 
infiltrations method, terrain and height modification to wind speed, floor multipliers 
and interior wall types, improved exterior infrared radiation loss calculation, 
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improved outside air film conductance calculation, window library, window frames, 
and switchable glazing; (c) HVAC section, which includes two sub-sections: (i) 
SYSTEM section that calculates the demand for energy that is made on the 
primary energy sources of the buildings, and contains information on energy end 
use and meters, powered induction units, a packaged variable volume, variable 
temperature system, air source heat pump enhancements, water loop heat pump 
enhancements, variable speed electric heat pump, gas heat pumps, hot water 
heaters, evaporative cooling, total gas solid-desiccant systems, water cooled 
condensers, evaporative pre-coolers outside air economizer control, optimum fan 
start, heat recovery from refrigerated case work, night ventilation, baseboard 
heating, moisture balance calculations, a residential natural ventilation algorithm, 
improved cooling coil model, system sizing and independent cooling and heating 
sizing ratios, and (ii) PLANT section that determines the fuel-requirements of  
primary equipment (e.g., boilers, chillers) in order to supply energy demand of the 
HVAC system, and contains information on energy meters, gas fired absorption 
chillers, engine driven compressor chillers, and ice energy storage; and (d) 
ECONOMICS section, which calculates the cost of fuel and electricity based on 
the building’s utility rate schedule (Birdsall et al. 1990; DOE et al. 1998).  
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Figure 2.1: DOE-2.2 program flow 
2.2.2 BLAST 
Building Loads Analysis and System Thermodynamics (BLAST) system was 
developed by US Army Construction Engineering Research Laboratory as a 
building energy simulation model. BLAST is used to calculate peak load for 
mechanical equipment design (e.g., HVAC) and annual energy performance of the 
facility which is crucial for the design of solar and total energy systems. BLAST 
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model contains three major sub-models, including: (1) Space Load Prediction 
which computes hourly space loads in a building based on weather data and user 
inputs to analyze the energy consumption of building construction and operation; 
(2) Air Distribution System Simulation which computes space loads, weather data 
and user inputs related with the building air-handling system to calculate hot water, 
steam, gas, chilled water, and electric demands of the building and air-handling 
system; (3) Central Plant Simulation which utilizes from weather data and user 
inputs related with central plant in order to simulate boilers, chillers, on-site power 
generating equipment and solar systems, and also compute annual fuel and 
electrical power consumption (Lawrence Berkeley National Laboratory 1998). 
BLAST is no longer available as an individual simulation model and has been 
incorporated into EnergyPlus simulation program (National Institute of Building 
Sciences 2012). 
2.2.3 EnergyPlus 
EnergyPlus was developed by US Department of Energy as a building energy 
modeling and thermal load simulation algorithm that builds on the strengths of 
BLAST and DOE-2 to investigate and design energy-efficient buildings. The 
strongest point of EnergyPlus over BLAST and DOE-2 is the integration of all 
aspects of the simulation such as heating and cooling loads, systems, and plants 
(EnergyPlus 2012). Integrated simulation allows users to evaluate a number 
process such as realistic system controls, moisture absorption and desorption in 
building elements, radiant heating and cooling systems, and inter-zone air flow. 
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 In addition, EnergyPlus is faster and easier to modify than DOE-2 and BLAST 
(Crawley et al. 2001).  
The main capabilities of EnergyPlus include variable time steps, configurable 
modular systems integrated with heat balance-based zone simulation, multiple 
comfort models, daylighting and advanced fenestration, multi-zone airflow, 
displacement ventilation, flexible system modeling, and photovoltaic and solar 
thermal simulation (Crawley et al. 2004; DOE 2011). These capabilities provide 
more accurate space temperature prediction which is crucial for system and plant 
sizing, occupant comfort and occupant health calculations.  
The aforementioned capabilities of EnergyPlus are provided by a simulation 
manager to enable data exchange between (i) the heat balance engine and various 
HVAC modules and loops such as coils, boilers, and chillers; (ii) EnergyPlus and 
pollution models and on-site power (such as solar thermal and photovoltaic 
systems) simulations; (iii) HVAC modules, input data, and output structures, as 
shown in Figure 2.2 (Crawley et al. 2001). 
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Figure 2.2: EnergyPlus program flow (EnergyPlus 2012) 
2.2.4 TRNSYS 
TRNSYS was developed as a transient systems simulation program by the 
international collaboration of the US, France and Germany to evaluate the 
buildings thermal and electrical energy system performances. TRNSYS is mainly 
capable of analyzing solar systems (solar thermal and photovoltaic systems), low 
energy buildings, HVAC systems, and renewable energy systems. TRNSYS 
contains two parts for performing the aforementioned analysis: (1) a simulation 
engine part (called the kernel) that reads and processes the input file, iteratively 
solves the system, determines convergence, and plots system variables; and (2) 
a library of components which includes approximately 150 models such as 
geothermal heat pump systems, multizone buildings, weather data processors, 
economics routines, and basic HVAC equipment.  
22 
 
2.3 Building Optimization Models   
In a recent report, the Department of Energy stated that if 10% of US homes reduce 
their energy usage by 25%, Americans could save over $5 billion per year on their 
energy bills and eliminate greenhouse gas emissions equivalent to taking 225 
million cars off the road (Lee et al. 2002). To advance this goal, a number of 
studies developed models for optimizing building design to minimize annual energy 
consumption while maximizing thermal comfort for the occupants.  
A number of these studies focused on optimizing only one building design 
parameter, including: (a) building shapes such as rectangle, h-shape, trapezoid, 
L-shape, U-shape, and T-shape (Rakha and Nassar 2011; Wang et al. 2006; Yi 
and Malkawi 2009); (b) building orientation (Andersson et al. 1985; Morrissey et 
al. 2011; Zain-Ahmed et al. 2002); and (c) HVAC system design (Congradac and 
Kulic 2009; Fong et al. 2006; Lu et al. 2005). 
Other studies focused on optimizing multiple building design parameters in order 
to minimize the energy consumption of buildings. For example, Johnson et al. 
(1984) developed a model by utilizing from DOE-2 to minimize energy 
consumption by optimizing multiple building daylighting design parameters 
including building orientation, window area, glazing features (i.e. U-value, shading 
coefficient, visible transmittance), window management strategy, installed lighting 
power, and lighting control strategy in order to reduce net annual energy usage of 
buildings. Wang et. al (2005) developed a model that focused on optimizing 
building envelope variables such as orientation, aspect ratio, window type, wall-to-
window ratio, exterior wall type, exterior wall layer materials, roof type, and roof 
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layer materials. This model applied multi-objective genetic algorithms to minimize 
life-cycle cost and building environmental performance based on the sum of exergy 
consumption which refers to the amount of natural resource depletion from both 
nonenergetic resources (e.g., mineral ore) and energetic resources (fossil fuel), 
consumed in all the steps of a production process (i.e. pre-operation and operation 
phases). Caldas and Norford (2003) developed a multi-objective model for 
optimizing multiple building design variables including building shape, envelope 
and HVAC systems in order to minimize HVAC and lighting energy use, and 
reduce construction costs. The model in this study utilized DOE-2 as an energy 
simulation program and was developed using genetic algorithms.  
The National Renewable Energy Laboratory (NREL) developed a Building Energy 
Optimization (BEoptTM) model for optimizing building design features in order to 
minimize energy consumption (Christensen et al. 2006). BEopt model allows users 
to select predefined options such as orientation, aspect ratio, wall type, ceiling 
type, foundation systems (slab, basement, and crawl space), window areas, 
window glass type, HVAC types, appliances (refrigerator, cooking range 
dishwasher, clothes dryer, clothes washer), lighting systems (hardware lighting, 
rug-in lighting), photovoltaic system size, heating capacity, cooling capacity. The 
BEopt model utilizes energy simulation models (i.e., DOE2, EnergyPlus and 
TRNSYS), and employs sequential search optimization algorithm to generate 
optimal and near-optimal building design results regarding energy consumption 
and cost (Christensen et al. 2006; Morrissey et al. 2011).  
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Ihm and Krarti (2012) also developed a model based on sequential search 
algorithm, life-cycle cost analysis and detailed energy building modeling to 
optimize the design and operating features of single-family homes in Tunisia. This 
model uses DOE-2 as the whole-building simulation engine. In the analysis, design 
features were considered as orientation, window location and size, glazing type, 
wall and roof insulation levels, lighting ﬁxtures, appliances, and efficiencies of 
heating and cooling systems. The developed model indicated that several 
measures (e.g., adding roof insulation, reducing air inﬁltration, and installation 
energy efficient appliances, lighting ﬁxtures and heating and cooling equipment) 
can be used to reduce energy-consumption by up to 59% compared to current 
construction practices in Tunisia. 
Moreover, Tuhus-Dubrow and Krarti (2010) developed a simulation/optimization 
model for optimizing envelope design parameters of residential buildings to 
minimize the energy use of heating and cooling systems. Envelope design 
parameters include orientation, aspect ratio, wall, ceiling, thermal mass, infiltration, 
foundation, window area, and window type. Another study developed a multi-
objective model for optimizing building envelope and HVAC system design to 
minimize annual energy consumption of single-family housing units while 
maximizing their indoor thermal comfort conditions (Bichiou and Krarti (2011).  
The aforementioned studies by Tuhus-Dubrow et al (2010) and Bichiou et al (2011) 
utilized DOE-2 as an energy simulation model and conducted a comparative 
analysis between three optimization algorithms: Genetic Algorithm (GA), Particle 
Swarm Optimization, and Sequential Search. Both studies concluded that GA is 
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the most time efficient optimization algorithm and provides more accurate solutions 
to optimize building envelope and HVAC system designs for residential buildings. 
2.4 Sustainability Measures for Single-Family Housing Units 
This section presents a review of sustainability measures that can be used during 
the design and construction of single-family housing units. This set has been 
developed based on the findings of a comprehensive literature review. Therefore, 
sustainability measures are organized in seven categories: (1) insulation material, 
(2) energy-efficient window systems, (3) efficient HVAC systems, (4) water-saving 
fixtures, (5) energy-efficient appliances, (6) energy-efficient lighting, and (7) on-site 
renewable energy sources (see Figure 2.3).  
 
Figure 2.3: Sustainability measures 
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2.4.1 Insulation Materials 
Insulation level of a building depends on the components of building envelopes 
including exterior wall systems, foundation and footing systems, and roof systems. 
These components are discussed briefly as below.  
2.4.1.1 Exterior Wall Systems 
Exterior walls are the significant elements of building enclosure systems. An 
exterior wall system mainly consists of eight basic layers: (1) exterior cladding, (2) 
continuous insulation, (3) air barrier, (4) weather-resistive barrier, (5) structural 
elements, (6) cavity insulation, (7) interior finishes, and (8) vapor retarders 
(Lemieux and Totten 2010). Accordingly, each layer of an exterior wall system in 
our model incorporates a set of sustainability measures. The list of sustainability 
measures for exterior wall systems is identified based on the findings of a 
comprehensive literature review and summarized in Figure 2.4. 
 
Figure 2.4: Sustainability measures of exterior wall system layers 
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2.4.1.1.1 Exterior Cladding 
Exterior cladding refers to the protective layer or finish affixed to the exterior side 
of a wall system. It is either manufactured as man-made and/or derived from 
available resources (Lemieux and Totten 2010). The most common cladding types 
for residential housing’s exterior wall systems can be listed as: (1) fiber-cement 
cladding, (2) clay brick cladding, (3) vinyl siding, (4) metal cladding, (5) stucco, (6) 
cedar bevel siding, (7) exterior insulated finishing system (EIFS), and (8) natural 
stone cladding. 
2.4.1.1.2 Continuous Insulation 
Continuous insulation is important for providing energy savings from space heating 
and cooling (DOE 2012a). Effectiveness of insulation products is based on their R-
values and thickness. There are three main types of continuous insulating 
sheathings available in the industry (Building Science 2007): 
I) Expanded Polystyrene (EPS): This is made from thermoplastic foams which 
have a specific melting range and melt at elevated temperatures. EPS is 
manufactured from the expanding of polystyrene beads to fill a mold. EPS 
foams are available in a variety of densities. Higher density EPS foams have 
higher water resistant and mold resistant ability. 
II) Extruded Polystyrene (XPS): This is also made from thermoplastic foams. They 
have better strength and higher water resistant than EPS.  
III) Polyisocyanurate (Polyiso): This is the most common thermoset foam which is 
based on cross linked polymers and doesn’t exhibit a specific melting range, 
instead will char and burn. Polysio has typically more resistant to solvents and 
chemicals. 
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2.4.1.1.3 Air Barriers  
Air Barriers are essential for maintaining an energy-efficient home and minimizing 
air leakage of a house. This preventative method helps to reduce space heating 
and cooling costs 30% or more. In addition to that, air barriers are vital for moisture 
control. DOE (2012c) proposed three techniques used for air sealing at new home 
construction:  
1) House Wrap: This material is typically made from fibrous spun polyolefin 
plastic. Wrapping around the exterior of a house during construction helps to 
minimize air leakage in and out of a house during construction. 
2) Airtight Drywall Approach (ADA): This wall-construction technique can provide 
a continuous air barrier within a house. ADA enables sealing seams, joints, and 
openings in the building envelope during construction. 
3) Simple Caulk and Seal (SCS): This is another wall-construction technique for 
reducing air leakage. SCS is easier to apply, since seams and gaps are sealed 
after the exterior sheathing and drywall have been installed and finished. 
However, it might cause missing some critical spots inside the building cavities.  
2.4.1.1.4 Weather Resistive Barriers 
Weather-resistive barriers are a part of exterior wall systems to provide protection 
for building materials from exterior water penetration. House-wrap, rigid foam 
board and building paper are the most common weather-resistive barriers. They 
keep the building materials dry, improve building durability and moisture control, 
and some of them also act as air barriers such as house wrap (NAHB et al. 2000b).  
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2.4.1.1.5 Structural Elements 
There is a number of structural assembly as a part of exterior wall systems 
depending on the local practices, climate, and preferences. The most common wall 
types for residential homes can be listed as: (a) concrete block, (b) wood stud wall 
with sheathing, (c) steel stud wall with sheathing, (d) wood based structural 
insulated panels (SIPs), and (e) insulating concrete forms (ICFs). 
(a) Concrete Block: Concrete block is known as very durable wall assembly 
available in the construction industry. It is fabricated from non-water sensitive 
materials because of large moisture storage capacity of concrete, as shown in 
Figure 2.5 (Lstiburek 2009). 
 
Figure 2.5 Concrete block wall systems (ProSales 2012) 
(b) Wood Stud Wall: This type of exterior wall framing is manufactured from 
structural lumber in nominal sizes (usually 2x4 or 2x6). Moisture content and 
termites are two most common problems of wood framings. In this manner, 
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additional preventative actions (e.g., painting, installing termite shields) should 
be applied to avoid problems related with moisture and termites. The design of 
wood stud wall system consists of structural wood panels which help to 
distribute lateral loads to the wall framing, and provide lateral support to the 
wall studs and the entire building (DOE et al. 2000b). There are two main types 
of structural board panels, including: (a) plywood, which is fabricated from wood 
veneers glued together under high temperature and pressure, and (b) oriented 
strand board sheathing (OSB), which is manufactured from thin wood strands 
glued together under high pressure and temperature, as shown in Figure 2.6 
(NAHB et al. 2000a). 
 
Figure 2.6: : Wood stud wall  (Smegal and Straube 2009) 
(c) Steel Stud Wall: Metal studs are typically light-weight, easy to work, and strong. 
Steel stud wall assemblies are usually available as C-shaped studs which 
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resemble the standard wood stud sizes, such as 2x4 inch and 2x6 inch. They 
are also suitable for 24-inch on center stud walls, compared to wood’s typical 
16 on-center (Grey 2012). Steel stud systems can create significant thermal 
bridging which could lead to excessive heat transfer for building walls in the 
future, as shown in Figure 2.7 (Kosny et al. 2001).  
 
Figure 2.7: Steel stud wall system (Chen and Trestain 2004) 
(d) Structural Insulated Panels (SIPs): SIPs provide to meet energy star 
requirements easier and faster than designing with traditional wood framing 
(Structural Insulated Panel Association 2011). They are typically made from 
OSB panels adhered to both sides of an expanded polystyrene (EPS) foam 
insulation core, as shown in Figure 2.8 (Smegal and Straube 2009). 
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Figure 2.8: Structural insulated panels (Smegal and Straube 2009) 
(e) Insulating Concrete Forms (ICFs): ICFs are typically fabricated as two sides 
of EPS (or wood fiber) of varying thickness and a pouted in place concrete 
core, as shown in Figure 2.9 (Smegal and Straube 2009). 
 
Figure 2.9: Insulating concrete form (Smegal and Straube 2009) 
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2.4.1.1.6 Cavity Insulation: 
There are four common types of cavity insulation elements for exterior wall 
systems. These are including fiberglass and rock wool batts, cellulose insulation, 
fiberglass and rock wool loose-fill insulation, and rigid foam insulation. 
(a) Fiberglass and Rock Wool Batts: This type of insulation contains fiberglass or 
rock wool in the form of fibers or fiber pellets that are blown using pneumatic 
equipment (Oak Ridge National et al. 2008). 2x4 walls can hold R-13 or R15 
batts whereas 2x6 walls can hold R-19 or R-21 products. They suit for standard 
wall, floor, and attic framing spaces. High density fiberglass batts can provide 
insulation 15% more than traditional batts. If the blanket is vapor retarder, it can 
also trap moisture inside walls. This is the least expensive wall insulation 
material (DOE 2012a; DOE et al. 2000a). 
(b) Cellulose insulation: This type of insulation is fabricated from recycled 
newsprint in loose-fill form. This component reduces noise level, and air 
leakage through the wall cavity (DOE et al. 2000a).  
(c) Fiberglass and Rock Wool Loose-Fill Insulation: This insulation practice 
provides full coverage with a ‘Blow-in Blanket’ system that involves blowing 
insulation into open stud cavities (DOE et al. 2000a). 
(d) Rigid Foam Insulation: This type of insulation has a higher R-value per inch 
than fiberglass and cellulose. It is typically made in sheet-good dimensions and 
used as the outer layer of insulation (DOE et al. 2000a). 
2.4.1.1.7 Interior Finishes- Gypsum Wallboard (Drywall) 
Gypsum boards are a part of exterior wall systems to provide rigidity, aesthetics, 
fire protection, and reduce air leakage (Lstiburek 2001). They are available in 
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various thickness sizes. The most common gypsum wallboards are regular paper 
faced, Type X (fire resistant), and moisture resistant (NREL et al. 2003). 
2.4.1.1.8 Vapor Retarders 
Vapor retarders have a main function as retarding the migration of water vapor 
from outside to the inside of the house. There are three classes of vapor control 
for enclosure systems (Building America 2004; Lstiburek 2011), as listed below:  
I) Class I: 0.1 perm or less (e.g. sheet polyethylene) 
II) Class II: 0.1 < perm <= 1.0 perm (e.g. kraft faced fiberglass batt) 
III) Class III: 1.0 < perm <= 10 (latex paint)  
The unit ‘Perm’ refers to the vapor permeability feature of a retarder which is an 
indication of moisture control (Building America 2004; Lstiburek 2011), as shown 
in Table 2.1. 
Table 2.1: Vapor retarders’ permeability levels 
Vapor Permeability Perm level 
Vapor Impermeable 0.1 perm or less 
Vapor semi-impermeable 
1.0 perm or less and 
greater than 0.1 
Vapor semi-permeable 
10 perm or less and 
greater than 1.0 
Vapor permeable Greater than 10 perms 
 
2.4.2 Foundations and Footings 
Foundation is an important assembly for housing insulation. Heat loss from 
basements accounts for a major portion of the energy loss from a housing unit 
(Building Science 2006). Effective foundation design reduces utility bills and 
moisture related problems, and also provide thermal comfort for the occupants. 
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There are three basic types of foundations: (a) deep basement, (b) crawl space, 
and (c) slab-on-grade (see Figure 2.10). 
A. Deep Basement B. Crawl-Space C. Slab-on-grade 
   
   
Figure 2.10: Foundation types (Carmody et al. 1991) 
For designing foundation assemblies effectively and efficiently, Carmody et al. 
(1991) proposed a decision-making process which includes decisions on the most 
common foundation design practices, including: (1) foundation type, (2) use of 
basement, (3) construction system, (4) insulation placement, (5) insulation 
elements, and (6) construction details, as shown in Figure 2.11. 
 
Figure 2.11: Foundation design decision-making process 
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2.4.2.1 Foundation Type 
There are three main foundation types for single-family housing units, including 
deep basement insulation, crawl space and slab-on-grade. 
(a) Deep Basement Insulation: Deep basement refers to 7-to-10 foot basement 
with no more than the upper 25% exposed above grade (Carmody et al. 1991). 
Deep basement insulation is essential to improve the overall insulation 
performance of a home. Some of the advantages of basement insulation can 
be listed as: (a) improving continuous thermal and air leakage boundaries since 
basement ceilings are usually penetrated with electrical wiring, plumbing, and 
ductwork; and (b) reducing heat loss and the size of HVAC (NREL et al. 2002). 
There are five types of insulation for basement wall: (i) exterior insulation 
covering the entire wall, (ii) exterior insulation covering the upper half of the 
wall, (iii) interior insulation covering the entire wall, (iv) basement insulated in 
the middle, and (v) basement ceiling insulation, as shown in Figure 2.12 
(Building Science 2006; Carmody et al. 1991).  
i. Exterior 
Insulation Half Wall 
ii. Exterior Insulation 
Full Wall 
iii. Interior Insulation 
Full Wall 
iv. Insulation in 
the middle 
v. Ceiling Insulation 
     
Figure 2.12: Types of insulation for basement wall design (Carmody et al. 1991) 
Therefore, after a detailed analysis of previous research on foundation assemblies 
(Carmody et al. 1991; Smegal and Straube 2010), we developed alternatives as 
sustainability measures  for deep basement foundation systems which are 
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organized in Table 2.2. These alternatives also include the footing and slab design 
of basement insulation. Additionally, Carmody et al. (1991) proposed several 
assumptions that need to be account for developing sustainability measures for 
deep basement foundation systems, including: (1) masonry wall (12-inch-thick and 
up to 6 feet of fill), vertical bars spaced less than or equal to 48 inches or 6 times 
the wall thickness (whichever is less); (2) concrete wall: cast-in-place concrete with 
a minimum compressive strength of 2500 psi with a 4- to 6-inch slump; (3) rigid 
insulation: XPS or extruded polystyrene can be used; (4) interior wall insulation: 
batt, blown, foam can be used; (5) concrete slab: a minimum slab thickness of 4 
inches is recommended using concrete with a minimum compressive strength of 
2500 psi.; (6) insulation is optional for slab (XPS or MEPS can be used as under 
slab insulation); (7) vapor retarders for slab: 6-mil polyethylene to reduce moisture 
and radon transmission; (8) concrete footing: concrete used in spread footings 
should have a minimum compressive strength of 2500 psi.; (9) pressure 
preservative-treated wood floors are required to resist the lateral loads being 
imposed at the bottom of the foundation wall as well as to resist excessive 
deflection from the vertical floor load; and (10) all sustainability measures for deep 
basement systems include damp –proofing/ waterproofing which should be 
covered with 4-mil polyethylene to reduce vapor transmission. 
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Table 2.2: Sustainability measures for deep basement foundation systems 
Foundation Wall 
Slab Footing Configu
ration 
Insulation Frame Wall 
Vapor 
Retarder 
Finish 
Material 
Constraints 
Concrete Exterior Insulation 
Half 
Wall 
or 
Full 
Wall 
No insulation 
R-5 rigid 
 
   If insulation is <=1.5” 
only suitable for, 2x4 
wood frame 
If insulation is <=2” 
only suitable for 2x6 
Concrete, vapor 
retarder, and isolation 
joint 
Moisture 
Barrier 
Masonry Exterior Insulation 
Half 
Wall 
or 
Full 
Wall 
No insulation 
R-5 rigid 
R-10 rigid 
R-15 rigid 
R-20 rigid 
No limit 
   
Good for both 2x4 
and 2x6 
Concrete, vapor 
retarder, and isolation 
joint 
Moisture 
Barrier 
Concrete Interior Insulation 
Full 
Wall 
No insulation 
R-6 rigid 
R-8 rigid 
R-11 batt 
R-19 batt 
a wood frame 
wall is 
constructed 
inside the wall 
with insulation 
6-mil 
poly, 
vapor 
retarder, 
plywood 
Gypsum 
Board 
2x6 wood frame 
wall 
 
Concrete with mesh 
and vapor retarder 
and isolation joint, 
slab-on-edge 
(optional), rigid 
insulation (optional) 
Moisture 
Barrier 
Pressure-Treated Wood 
Full 
Wall 
No insulation 
R-6 rigid 
R-8 rigid 
R-11 batt 
R-19 batt 
 6-mil 
poly, 
vapor 
retarder, 
plywood 
Gypsum 
Board 
for wall 
& ceiling 
 
Concrete, vapor 
retarder 
 
Pressure 
- treated 
footing 
plate 
 
Concrete with Ceiling Insulation 
Full 
Wall 
No insulation 
on the wall 
 
Vapor 
retarder 
for 
ceiling 
 Only  for 
unconditioned 
basement and 
suitable for colder 
climates, no 
insulation on the 
wall) 
Concrete and with. 
mesh, vapor retarder 
and isolation joint, 
slab-on-edge 
(optional), rigid 
insulation(optional) 
Moisture 
Barrier 
For ceiling 
insulation: 
R-11 Batt 
R-19 Batt 
R-30 Batt 
 
(b) Crawl Space Insulation: Designing a crawl space efficiently and effectively 
improves thermal comfort for occupants and  durability of housing units, saves on 
energy costs, and reduces moisture, radon and other potential irritants (DOE et al. 
2000). There are two types of crawl spaces: (i) vented, and (ii) unvented. For 
vented crawl spaces, there is a minimum of four vents which are located within 3 
feet from each corner rectangular crawl space. The total open area of a vent should 
be no less than 1/1500 of the floor area.  If there is no ground cover in the 
basement, the vent area should be increased to 1/150 of the floor area. For vented 
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crawl spaces, concrete (or masonry) walls are the most common construction 
system, and insulation is typically placed between floor joists in the crawl space 
ceiling (see Figure 2.13A). For unvented crawl spaces, concrete (or masonry) walls 
and pressure-preservative-treated wood foundation walls are two basic 
construction systems. Insulation is typically placed either covering the entire wall 
on the exterior (see Figure 2.13B) or covering the entire wall on the interior for 
concrete/masonry walls in an unvented crawl space (see Figure 2.13C and see 
Figure 2.13D). When it comes to pressure-preservative-treated wood construction, 
batt insulation is placed in the cavities between the wood studs, as shown in Figure 
2.13E (Carmody et al.1991). Accordingly, sustainability measures for crawl space 
types are developed as organized in Table 2.3. 
A. Vented with 
Ceiling Insulation 
B. Unvented with 
Exterior Vertical 
Insulation 
C. Unvented with 
Interior Vertical 
Insulation 
D. Unvented with 
Exterior Vertical and 
Interior Insulation 
E. Unvented with 
Insulation within 
Wood Wall 
     
Figure 2.13: Different approaches for crawl space insulation (Carmody et al. 1991) 
Additionally, there are several assumptions made by Carmody et al. (1991) to 
develop crawl space alternatives. These assumptions can be summarized as: (i) 
crawl space height: a minimum of 24 inches under the joists is advisable; (ii) there 
should be a vapor retarder for ground cover; (iii) ceiling insulation: fiberglass 
insulation between wood joints,  and (iv) vapor retarder should be placed above 
the insulation. 
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Table 2.3: Sustainability measures for crawl space systems 
Foundation Wall 
Ground Cover Footing 
Configuration Insulation Vapor Retarder Constraints 
Vented Crawl Space Concrete Wall with Ceiling Insulation 
Ceiling 
No insulation 
R-11 Batt 
R-19 Batt 
R-30 Batt 
Vapor Retarder 2x4 wall 
Continuous Vapor 
Diffusion Retarder 
Concrete 
Unvented Crawl Space Concrete Masonry Wall with Exterior Insulation 
Vertical 
No Insulation 
R-5 Rigid 
R-10 Rigid 
no limit 
 2x4 wall Vapor Retarder Concrete 
Unvented Crawl Space Concrete Wall with Interior Insulation 
Vertical 
No Insulation 
R-5 Rigid 
R-10 Rigid 
No limit 
 2x4 wall 
Vapor Retarder, rigid 
insulation-optional 
Concrete 
Vertical and 
Horizontal 
No Insulation 
2x2 or 2x4 
R-5 Rigid 
2x2 or 2x4 
R-10 Rigid 
Fiberglass 
Vapor 
Retarder-
optional 
2x4 wall Vapor Retarder Concrete 
 
(b) Slab-on Grade Insulation: Designing efficient slab-on grade insulation has 
major contribution on reducing heat loss, improve thermal comfort, and reduce 
moisture, radon and other potential irritants for a housing unit. The construction 
system in all cases for slab-on-grade foundations is concrete (or masonry) 
walls with a depth of either 2 or 4 feet, and upper 8 inches of the foundation 
wall exposed on the exterior. There are four basic approaches for slab-on-
grade foundation insulation: (1) covering the full exterior surface, as shown in 
Figure 2.14A, (2) covering the full interior surface, as shown in Figure 2.14B, 
(3) covering the slab perimeter (extending 2 or 4 feet), as shown in Figure 
2.14C, and (4) exterior insulation extending outward horizontally from the 
foundation wall, as shown in Figure 2.14D. Accordingly, crawl space 
alternatives are developed and organized in Table 2.4 
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A. Exterior Vertical B. Interior Vertical 
C. Interior Horizontal 
(under slab perimeter) 
D. Exterior Extending 
Outward Horizontally 
    
Figure 2.14: Slab-on grade foundation wall insulation configurations 
 (Carmody et al. 1991) 
 
Table 2.4: Sustainability measures for slab-on-grade foundation wall systems 
Foundation Wall 
Slab 
Footing/ 
Grade  
Beam 
Configuration Insulation 
Insulation 
Protection 
Constraints 
Brick Veneer Foundation Wall 
Exterior Insulation 
No Insulation 
R-5 
R-10 
R-15 
R-20 
- R-15 and R-20 only suitable for 
4ft deep, other suitable for both 
2ft and 4ft. 
Utilizes a 2x6 above grade 
wood frame wall 
Concrete Slab, 
Vapor Retarder 
under slab 
Concrete 
grade beam 
Interior Insulation 
Horizontal 
No insulation 
R-5 
R-10 
- 
6-inch block support, Utilizes a 
2x6 above grade wood frame 
wall. 
Concrete, rigid 
insulation, vapor 
retarder, rigid 
insulation in joint 
Concrete 
Footing 
Concrete Foundation Wall 
Exterior Insulation 
No Insulation 
R-5 
R-10 
R-15 
R-20 
- R-15 and R-20 only suitable for 
4ft deep, other suitable for both 
2ft and 4ft. 
Utilizes a 2x6 above grade 
wood frame wall 
Concrete slab, 
Vapor Retarder 
under slab, isolation 
joint 
Concrete 
grade beam 
Interior Insulation 
Horizontal 
No insulation 
R-5 
R-10 
- 
Utilizes a 2x6 above grade 
wood frame wall 
Concrete, rigid 
insulation, vapor 
retarder, rigid 
insulation in joint 
Concrete 
Footing 
Masonry Foundation Wall 
Exterior Insulation 
No Insulation 
R-5 
R-10 
R-15 
R-20 
Protection 
board or 
coating 
R-15 and R-20 only suitable for 
4ft deep, other suitable for both 
2ft and 4ft. 
Utilizes a 2x4 above grade 
wood frame wall 
Concrete Slab, 
Vapor Retarder 
under slab, Isolation 
joint 
Concrete 
grade beam 
Exterior Outward 
Horizontally 
No insulation 
R-5 
R-10 
Protection 
board or 
coating 
Utilizes a 2x4 above grade 
wood frame wall 
Concrete Slab, 
Vapor Retarder 
under slab 
Concrete 
grade beam 
Interior Insulation 
Horizontal 
No insulation 
R-5 
R-10 
- 6-inch concrete block is needed 
on 8-in concrete masonry wall; 
Utilizes a 2x6 above grade 
wood frame wall, 
Concrete, rigid 
insulation, vapor 
retarder, rigid 
insulation in joint 
Concrete 
Footing 
Interior Insulation 
vertical 
No Insulation 
R-5 
R-10 
R-15 
R-20 
- Utilizes a 2x4 above grade 
wood frame wall, R-15 and R-
20 only suitable for 4ft deep, 
other suitable for both 2ft and 
4ft 
Concrete, rigid 
insulation, vapor 
retarder, rigid 
insulation in joint  
Concrete 
Footing 
2.4.2.2 Roof Systems 
Roofs have tremendous contribution on protecting building occupants from outside 
weather conditions, especially from moisture (DOE 2009). Roof systems have 
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different purposes for cold and hot climates. For cold climates the fundamental 
strategy of roof systems is to maintain cold roof temperature for avoiding ice damns 
from melting snow and to vent moisture that moves from the conditioned space to 
the attic. For hot climates, the main strategy for roof systems is to expel solar 
heated hot air from the attic to reduce heat gain and the building cooling load.  
A roof system is created by assembling a number of roof system components, 
including: (1) roof type, (2) roof covering, (3) underlayment, (4) roof deck, (5) 
insulation, (6) vapor retarder, (7) structural elements, and (8) interior finishes.  
Accordingly, we developed a set of alternatives utilizing from roofing systems 
proposed by several reports (Athena et al. 2011; Lstiburek 2006; Straube and Grin 
2010), and summarized in Figure 2.15. It is noteworthy to mention that since 
explanations about insulation, vapor retarder, structural elements and interior 
finishes are already discussed in the exterior wall system section. 
 
Figure 2.15: Sustainability measures for roof system layers 
1. Roof 
Type
• Vented
• Unvented
2. Roof 
Framing
• Gable
• Hip
• Mansrad
• Gable and 
Valley
• Hip and 
Valley
• Gambrel
• Shed
3. Roof 
Covering
• Clay Tile
• Asphalt 
Shingles
• Metal 
Roofing
4. 
Underlaym
ent
• Fiberglass 
Felt 
based, 20 
year
• Fiberglass 
Felt 
based, 30 
year
• Organic 
Felt 
based, 20 
year
• Organic 
Felt 
based, 30 
year
5. Roof 
Deck
• Plywood
• OSB
6. 
Insulation
• Fiberglass 
batt
• Blown 
Cellulose
• Low 
Density 
Spray 
Foam
• High 
Density 
Spray 
Foam
• XPS
7. Vapor 
Barrier
• Polyethele
ne 3mil
• Polyethele
ne 6mil
8.Structura
l Elements
• Wood I 
Joist
• Solid 
Wood 
Joint
• Wood 
Truss 
(4:12 
pitch)
9. Interior 
Finishes
• Gypsum 
Board 1/2" 
• Gypsum 
Board 5/8"
• Gypsum 
Board 
Type X 
1/2"
• Gypsum 
Board 
Type X 
5/8"
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2.4.2.2.1 Roof Types 
Roofs are typically designed as either vented roofs which have a ventilated cavity 
(attic) above the insulation (see Figure 2.16A) or unvented roofs which can be in 
the form of flat, cathedral or shed roof with no natural ventilation, as shown in 
Figure 2.16B (Lstiburek 2006; Lstiburek 2008).   
A. Typical Ventilated Attic Insulated at Ceiling Plane B. Typical Unvented Cathedralized Attic 
  
Figure 2.16: Types of roof systems (Straube et al. 2010) 
(a) Vented roofs: They are coupled to the exterior. Additionally, no services 
(e.g., HVAC distribution ducts, air handlers, and plumbing systems) should 
be placed externally to the air barrier (Lstiburek 2004). For insulating 
ventilating cavity (attic space), loose-fill or batt insulation is typically installed 
in an attic (DOE 2012).  
(b) Unvented Roofs: Unvented roofs demand enough space between the roof 
deck and home’s ceiling for adequate insulation and ventilation. To achieve 
these requirements, truss joists, scissor truss framing, or sufficiently large 
rafters can be utilized as assembly components (DOE 2012). Unvented roof 
design can retain any energy lost by ductwork, and provide 25% of heating 
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and cooling energy saving comparing to traditional attic design (Oak Ridge 
National et al. 2008).   
2.4.2.2.2 Roof framing 
Roof framing resists loads applied to roof underlayment and roof deck, and transfer 
loads vertically to support walls. There are seven types of roof framing: (a) gable 
which is the most common one for roof construction, (b) hip which provides 
overhang on all four sides, (c) mansard which is a combination of hip and gambrel, 
(d) gable and valley which is the modified version of gable roofing system, (e) hip 
and valley which is the modified version of hip roofing system, (f) gambrel which 
provides more space on second floor, and (g) shed which is typically used for 
attaching one structure to another,  see Figure 2.17. 
 
Figure 2.17: Roof framing types (DOE 2009) 
Aforementioned roof framing types are typically constructed from rafters, trusses 
or joists. Rafters are mostly used for remodeling of roof systems, yet trusses and 
joists are used mostly in new construction for spans 24’-60’ especially for lower 
sloped roofs (National Forest Products 2005). Since our model depends on new 
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construction, we focus on trusses and joists alternatives to develop sustainability 
metrics for a roof system in this study.  
2.4.2.2.3 Roof covering 
The function of roof covering is the external water shedding material and has seven 
main classifications as explained below (DOE 2009; NRCA 2012):  
(a) Asphalt Shingles: These are typically the most common and economical choice 
for residential roofing. They come in a variety of colors, shapes, and textures. 
There are four different types: strip, laminated, interlocking, and large individual 
shingles. Laminated shingles consist of more than one layer of tabs to provide 
extra thickness. Interlocking shingles provide greater wind resistance (DOE 
2009). 
(b) Concrete and Clay Tile Roofing Systems: These systems are durable, low in 
maintenance, environmental friendly, and aesthetically appealing. They 
provide energy savings. Although material and installation costs are higher for 
concrete and clay tile roofs, they may outperform other roofing materials when 
evaluated on a price versus performance basis (DOE 2009).  
(c) Metal Roof Systems for Steep-Slope Applications: These types of application 
have three basic categories: (i) architectural metal panel, (ii) structural metal 
panel, and (iii) metal shingle/shingle panels. Many architectural metal roof 
systems are well suited for use on roof slopes of 3 inches per foot (14 degrees) 
or greater. Structural metal panel roof systems possess strength characteristics 
which allow them to span supporting members. Most of the metal shingles are 
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press-formed during the manufacturing process to provide a variety of shapes 
(DOE 2009). 
(d) Roofing Slate: This is a dense, durable, naturally occurring material which is 
essentially nonabsorbent. The color of slate is determined by its chemical and 
mineral composition. Because these factors differ in various regions, roofing 
slate can be obtained in a variety of colors. Yet, roofing slates may change 
color when expose to severe weather (NRCA 2012). 
(e) Wood Shakes and Wood shingles: Wood helps to insulate the attic, and 
circulate air through the small openings under the felt rows on which wooden 
shingles are laid. A wood shake roof is not very durable and not very strong 
against mold, rot and insect. It often demands maintenance and repair. The 
life-cycle cost of a shake roof may be high, and old shakes cannot be recycled. 
Most wood shakes are unrated by fire safety codes. NRCA does not 
recommend using wood shakes and wood shingles on slopes less than 4:12 
(NRCA 2012). 
(f) Synthetic Roofing Materials: These types of materials are manufactured 
products that replicate asphalt shingles, concrete tile, clay tile, metal panels, 
slate, wood shakes and wood shingles. Synthetic roof coverings contain 
recycled plastic and/or rubber as a key ingredient (NRCA 2012).  
(g) Coating: Coating is the cool roof system which provides energy efficiency as 
maintaining in a lower temperature than traditional roofs while the sun is 
shining. Cool roofs have exterior surfaces to reflect sunlight and emit heat 
which is more efficient than hot or dark roofs. Therefore, solar reflectance and 
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thermal emittance have become two key materials for determining a roof’s 
temperature. Definitions for solar reflectance and thermal emittance are 
explained as below. 
(i) Solar reflectance: It is the fraction of sunlight that a surface reflects, and is 
measured on a scale of 0 to 1. Most dark roof materials reflect 5-20% of 
incoming sunlight, while light-colored roof materials typically reflect 55- 90%. 
Solar reflectance has the biggest effect on keeping your roof cool in the sun. 
(ii) Thermal Emittance: It refers to the efficiency of a surface to cool itself by 
emitting thermal radiation, and is measured on a scale of 0 to 1. Thermal 
emittance of nearly all nonmetallic surfaces is very high whereas shiny metal 
surfaces have low thermal emittance (EPA 2012; Urban and Roth 2010). 
(h) Solar Shingles: They are thin-film photovoltaic (PV) cells that generate 
electricity using sunlight. PV shingles offer many advantages such as 
protection, durability, flexibility, aesthetical appeal, low installation costs, and 
lightweight handling. 
2.4.2.2.4 Roofing underlayment 
Roofing underlayment component provides temporary protection until a roof 
covering is installed, and acts as second weatherproofing. There are three types 
of underlayment are discussed as below. 
a) Asphalt-saturated felt: It is the most common type of underlayment. Felt 
underlayment has two classifications, containing: (i) fiberglass felt which is 
water-resistant but not waterproof, and (ii) organic felt which is made from 
cellulose base; 
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b) Rubberized asphalt: It is made from rubber-like materials which make the 
underlayment self-sealing; 
c) Non-bitumen synthetic: It is made from polypropylene or polyethylene. They 
have light weight and high strength, and provide moisture barrier (Gromicko 
and Shepard 2012). 
2.4.2.2.5 Roof deck 
Roof deck system is usually in the form of a wood-based material (i.e. plywood, 
OSB), and provides the structural substrate for roofing materials. 
2.4.3 Energy Efficient Window Systems 
Windows are defined as an assembled unit consisting of a frame/sash component 
holding one or more pieces of glazing functioning to admit light and/or air into an 
enclosure and designed for a vertical installation in an external wall of a residential 
building (Energy Star 2009). There are two main factors affecting the energy 
efficiency of windows: (1) window areas, (2) window types. 
2.4.3.1 Window Areas 
Window areas have major impact on heat gain and losses. Even though large 
window areas allow more daylight into a space, they may cause excessive heat 
gains or losses which end up as increasing the air-conditioning cooling and heating 
load, and accordingly energy consumption (Lstiburek 2006; Lstiburek 2008). 
Therefore, window areas should be designed to optimize the energy consumption 
and daylight provision.  
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2.4.3.2 Window Type 
Windows utilize from aluminum, fiberglass, PVC and wood frames with fixed or 
operable (e.g., vertical and horizontal sliding, casement, hopper, and awning 
windows). In order to make windows as energy efficient, they must meet U-factor 
and, where applicable, Solar Heat Gain Coefficient (SHGC) requirements based 
on climate zone in the US, as shown in Figure 2.18 (Energy Star 2009).  
U-Factor: The heat transfer per time per area and per degree of temperature 
difference and expressed in units of Btu/h·ft2·oF. The U-factor multiplied by the 
interior-exterior temperature difference and by the projected fenestration product 
area yields the total heat transfer through the fenestration product due to 
conduction, convection, and long wave infrared radiation.  
Solar Heat Gain Coefficient (SHGC): The ratio of the solar heat gain entering the 
space through the fenestration product to the incident solar radiation. It is 
expressed as a value between 0 and 1. 
 
Figure 2.18: Windows U-Factor and SHGC minimum requirements based on 
climate zone in  the US, (Energy Star 2009) 
Aforementioned requirements set by Energy Star can be met by new window 
sustainable technologies, including: a) quality frame materials which refer to a 
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variety of durable, low-maintenance framing materials such as fiberglass, wood, 
vinyl, aluminum, to reduce heat transfer and improve insulation; b) low-e glass 
coating which refers to special coatings reflect infrared light keeping heat inside in 
winter and outside in summer, reflect damaging ultraviolet light; c) multiple glazed 
windows with an air-or-gas-filled space between panes to improve heat and sound 
insulation, and impact resistance; d) gas fills which refers to fill-in odorless, 
colorless, non-toxic gases (i.e. argon, krypton)  between the panes; and e) warm 
edge spacers keep a window’s glass panes the correct distance parts, and non-
metallic and metal/non-metal hybrid  spacers insulate pane edges and reduce heat 
transfer through the window, as shown in Figure 2.19 (Energy Star 2012; 
Sustainable Building Research et al. 2012a). Accordingly, the list of window 
sustainability measures is identified based on the findings of a comprehensive 
literature review and is summarized as shown in Table 2.5. 
 
Figure 2.19: Anatomy of an energy-efficient window (Sustainable Building 
Research et al. 2012a) 
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Table 2.5: The list of window systems 
Window Types U-Factor SHGC VT1 ES Qual.2 
Single glazed, Clear Glass, Non-metal Frame 0.71-0.99 =>0.6 0.6 no 
Single glazed, Clear Glass, Metal Frame =>1.00 =>0.6 0.6 no 
Single glazed, Tinted Glass, Non-metal Frame 0.71-0.99 0.41-0.60 0.41-0.50 no 
Single glazed, Tinted Glass, Metal Frame =>1.00 =>0.6 0.6 no 
Double glazed, Clear Glass, Non-Metal Frame 0.41-0.55 0.41-0.60 0.51-0.60 no 
Double glazed, Clear Glass, Metal Frame 0.71-0.99 >=0.6 >=0.6 no 
Double glazed, Clear Glass, Metal Frame with Thermal Break 0.56-0.70 >=0.60 >=0.6 no 
Double glazed, Tinted Glass, Metal Frame 0.71-0.99 0.41-0.6 0.41-0.5 no 
Double glazed, Tinted Glass, Non-Metal Frame 0.41-0.55 0.41-0.60 =<0.4  
Double glazed, Tinted Glass, Metal Frame with Thermal Break 0.41-0.55 
=0.41-
0.60 
=<0.4 no 
Double glazed, High Performance Tinted Glass, Non- Metal 
Frame 
0.41-0.55 0.26-0.4 0.41-0.5 no 
Double glazed, High Performance Tinted Glass, Metal Frame 
with Thermal Break 
0.56-0.70 0.41-0.60 0.51-0.6 no 
Double glazed, High Performance Tinted Glass, Metal Frame 0.71-0.99 0.41-0.60 0.51-0.60 no 
Double glazed, High-Solar-gain Low-E glass, Argon/Krypton 
Gas, Non- Metal Frame, Thermally Improved 
0.26-0.3 0.41-0.6 0.51-0.6 yes 
Double glazed, High-Solar-gain Low-E glass, Argon/Krypton 
Gas, Non- Metal Frame 
0.31-0.40 0.41-0.60 0.51-0.60 maybe 
Double glazed, High-Solar-gain Low-E glass, Argon/Krypton 
Gas, Metal Frame with Thermal Break 
0.41-0.55 0.41-0.60 0.51-0.60 no 
Double-glazed, High-solar-gain Low-E glass, Argon/Krypton 
Gas, Metal Frame 
0.56-0.70 >=0.60 =>0.6 no 
Double glazed, Medium-Solar-gain Low-E glass, Argon/Krypton 
Gas, Non- Metal Frame, Thermally Improved 
0.26-0.30 0.26-0.40 0.51-0.60 yes 
Double glazed, Medium-Solar-gain Low-E glass, Argon/Krypton 
Gas, Non- Metal Frame 
0.31-0.40 0.26-0.40 0.51-0.60 maybe 
Double glazed, Medium-Solar-gain Low-E glass, Argon/Krypton 
Gas, Metal Frame with Thermal Break 
0.41-0.55 0.26-0.40 0.51-0.60 no 
Double glazed, Medium-Solar-gain Low-E glass, Argon/Krypton 
Gas, Metal Frame 
0.56-0.70 0.26-0.40 0.51-0.60 no 
Double glazed, Low-Solar-gain Low-E glass, Argon/Krypton Gas, 
Non- Metal Frame, Thermally Improved 
0.26-0.30 =<0.25 0.41-0.50 yes 
Double glazed, Low-Solar-gain Low-E glass, Argon/Krypton Gas, 
Non- Metal Frame 
0.31-0.40 =<0.25 0.41-0.50 no 
Double glazed, Low-Solar-gain Low-E glass, Argon/Krypton Gas, 
Metal Frame with Thermal Break 
0.41-0.55 =<0.25 0.51-0.60 no 
Double glazed, Low-Solar-gain Low-E glass, Argon/Krypton Gas, 
Metal Frame 
0.56-0.70 =<0.25 0.51-0.60 no 
Triple-glazed, Medium-solar gain Low-E Glass, Argon/Krypton 
Gas, Non-metal frame, Thermally Improved 
=<0.20 0.26-0.40 0.41-0.50 yes 
Triple-glazed, Medium-solar gain Low-E Glass, Argon/Krypton 
Gas, Non-metal frame 
0.21-0.25 0.26-0.40 0.41-0.50 yes 
Triple-glazed, Low-solar gain Low-E Glass, Argon/Krypton Gas, 
Non-metal frame, Thermally Improved 
=<0.20 =<0.25 =<0.40 yes 
Triple-glazed, Medium-solar gain Low-E Glass, Argon/Krypton 
Gas, Non-metal frame 
0.21-0.25 =<0.25 =0.25 yes 
 1The visible transmittance (VT) is an optical property for indicating the amount of visible light transmitted. Higher VT 
provides more daylight and view (Sustainable Building Research et al. 2012c). 
 2ES Qual represents energy star certified and non-certified window systems. 
 
2.4.4 High Efficient HVAC Systems 
Space heating, ventilation, and air-conditioning (HVAC) systems are one of the 
most important elements for homes in order to maintain healthy building 
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environment for occupants. Efficiency of HVAC systems has tremendous 
contribution on energy saving, reducing CO2 footprint and improve thermal comfort 
in residential units. Therefore, Energy Star set several principles to provide energy 
efficiency of space heating and cooling systems. These principles can be 
summarized as maintaining proper sizing of equipment and component matching, 
providing adequate airflow to match refrigerant capacity, and properly sealing 
ducts to minimize leaks (Gromicko and Shepard 2012). There are several 
alternatives for residential heating and cooling such as boiler, central air 
conditioner, room air conditioner, furnace, heat pump (central), and geothermal 
heat pumps, as shown in Figure 2.20 (DOE 2012; Straube et al. 2010). 
A. Boiler B. Central Air Conditioner C. Room Air Conditioner 
   
D. Furnace E. Heat Pump (Central) F. Geothermal Heat Pump 
   
Figure 2.20: HVAC systems (Energy Star 2013) 
2.4.4.1 Boiler  
Boiler is typically used in HVAC system to provide hot water for space heating.  
Efficiency of boiler is measured in terms of the annual fuel utilization efficiency 
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(AFUE) which is the cyclic on/off operation and associated energy losses of the 
heating unit as it responds to changes in the load. Energy Star qualified boilers 
have AFUE ratings 85% or more that provides 6% more energy efficiency than 
traditional boilers. Fuel-type of boiler is typically either natural gas or fuel-oil (NRCA 
2012; NRCA 2012). Accordingly, the list of boiler for residential housing unit is 
identified based on the findings of a comprehensive literature review and is 
summarized in Table 2.6. 
Table 2.6: Types of boiler 
 Fuel Type AFUE Lifetime 
Boiler 1 Gas 72% 25 
Boiler 2 Gas 76% 25 
Boiler 3 Gas 80% 25 
Boiler 4 Gas 82% 25 
Boiler 5 Gas 85% 25 
Boiler 6 Gas 87% 25 
Boiler 7 Gas 91% 25 
Boiler 8 Gas 94% 25 
Boiler 9 Oil 72% 25 
Boiler 10 Oil 76% 25 
Boiler 11 Oil 80% 25 
Boiler 12 Oil 82% 25 
Boiler 13 Oil 84% 25 
Boiler 14 Oil 85% 25 
Boiler 15 Oil 87% 25 
Boiler 16 Oil 90% 25 
2.4.4.2 Central Air Conditioner 
Central air conditioners provide the function of air-cooling, and may include the 
functions of air-circulation, air-cleaning, dehumidifying or humidifying. A central air 
conditioner model consists of one or more factory-made assemblies which 
normally include an evaporator or cooling coils, compressors, and condensers 
(NRCA 2012). Energy efficiency performance of central air conditioners depends 
on seasonal energy efficiency ratio (SEER) which represents the total cooling of a 
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central air conditioner or heat pump (in Btu) during the normal cooling season as 
compared to the total electric energy input (in watt-hours) consumed during the 
same period (DOE 2012; NRCA 2012). Energy Star qualified central air 
conditioners have higher SEER ratios which provides more than 15% of energy 
efficiency than conventional models (Urban and Roth 2010). Accordingly, the list 
of central air conditioners for residential housing unit is identified based on the 
findings of a comprehensive literature review and is summarized as shown in Table 
2.7. 
Table 2.7: Types of central air conditioners 
 SEER (Btu/ W-h) Lifetime (years) 
Air Conditioner 1 10 14 
Air Conditioner 2 11 14 
Air Conditioner 3 12 14 
Air Conditioner 4 13 14 
Air Conditioner 5 14 14 
Air Conditioner 6 15 14 
Air Conditioner 7 16 14 
Air Conditioner 8 17 14 
Air Conditioner 9 18 14 
Air Conditioner 10 19 14 
Air Conditioner 11 20 14 
Air Conditioner 12 21 14 
2.4.4.3 Room Air Conditioner 
Room air conditioners enable to transfer heat between inside and outside of a 
building. The compressor sends cooled refrigerant through the coils. The 
refrigerant draws heat from the air as it is forced over the coils. A fan blows outside 
air over the hot coil, transferring heat from the refrigerant to the outdoor air (EPA 
2012).  
Efficiency of room air conditioner is measured in terms of its energy efficiency ratio 
(EER) which is a measure of the instantaneous energy efficiency of cooling 
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equipment and expressed in Btu/h per watt (Btu/W-h) (DOE 2012). Energy Star 
qualified room air conditioners use 10% less energy than conventional models 
(American Forest & Paper Association 2006). Accordingly, the list of room air 
conditioner for residential housing unit is identified based on the findings of a 
comprehensive literature review and is summarized in Table 2.8. 
Table 2.8: Types of room air conditioners 
 EER (Btu/W-h) Capacity (kBtu/h) Lifetime (years) 
Room AC 1 10.8 11 10.5 
Room AC 2 9 11 10.5 
Room AC 3 9.8 11 10.5 
Room AC 4 10.7 17 10.5 
Room AC 5 9.7 17 10.5 
Room AC 6 9 17 10.5 
Room AC 7 8 21 10.5 
Room AC 8 8.5 21 10.5 
Room AC 9 9.7 21 10.5 
Room AC 10 10.7 6 10.5 
Room AC 11 8 6 10.5 
Room AC 12 8.5 21 10.5 
Room AC 13 9.7 6 10.5 
2.4.4.4 Furnace 
Residential furnace is a heating unit with a heat input rate of less than 225,000 Btu 
per hour. Its function is the combustion of fossil fuel (natural gas, propane, or oil) 
for space heating with forced hot air. A furnace must include burner(s), heat 
exchanger(s), blower(s) and connections to heating ducts (Straube and Grin 
2010). Efficiency of furnace is measured in terms of the annual fuel utilization 
efficiency (AFUE). Accordingly, the list of furnace for residential housing unit is 
identified based on the findings of a comprehensive literature review and is 
summarized in Table 2.9. 
.  
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Table 2.9: Types of furnaces 
2.4.4.5 Heat Pump (Central) 
A heat pump (central) model typically consists of an indoor conditioning coil(s), 
compressor(s), and outdoor coil(s). A heat pump (central) shall provide the function 
of air heating with controlled temperature, and may include the functions of air-
cooling, air-circulation, air-cleaning, dehumidifying or humidifying. Efficiency of 
heat pump (central) is measured in terms of its seasonal energy efficiency ratio 
(SEER) over the cooling season, and its heating seasonal performance factor 
(HSPF) over one heating season. Energy Star qualified heat pumps (central) may 
 Fuel Type AFUE Lifetime (years) 
Furnace 1 Electric 98% 20 
Furnace 2 Gas 60% 20 
Furnace 3 Gas 64% 20 
Furnace 4 Gas 68% 20 
Furnace 5 Gas 72% 20 
Furnace 6 Gas 76% 20 
Furnace 7 Gas 78% 20 
Furnace 8 Gas 80% 20 
Furnace 9 Gas 82% 20 
Furnace 10 Gas 90% 20 
Furnace 11 Gas 92% 20 
Furnace 12 Gas 94% 20 
Furnace 13 Gas 96% 20 
Furnace 14 Oil 72% 15 
Furnace 15 Oil 76% 15 
Furnace 16 Oil 78% 15 
Furnace 17 Oil 80% 15 
Furnace 18 Oil 85% 15 
Furnace 19 Oil 90% 15 
Furnace 20 Oil 95% 15 
Furnace 21 Propane 60% 20 
Furnace 22 Propane 64% 20 
Furnace 23 Propane 68% 20 
Furnace 24 Propane 72% 20 
Furnace 25 Propane 76% 20 
Furnace 26 Propane 78% 20 
Furnace 27 Propane 80% 20 
Furnace 28 Propane 82% 20 
Furnace 29 Propane 90% 20 
Furnace 30 Propane 92% 20 
Furnace 31 Propane 94% 20 
Furnace 32 Propane 96% 20 
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provide 9% more energy efficient than standard new models (National Forest 
Products 2005). Accordingly, the list of heat pump (central) for residential housing 
unit is identified based on the findings of a comprehensive literature review and is 
summarized in Table 2.10. 
Table 2.10: Types of heat pump (central) 
 SEER (Btu/W-h) HSPF (Btu/W-h) Lifetime (years) 
Heat Pump (Central) 1 6 4.2 16 
Heat Pump (Central) 2 7 4.7 16 
Heat Pump (Central) 3 8 5.2 16 
Heat Pump (Central) 4 9 5.7 16 
Heat Pump (Central) 5 10 6.2 16 
Heat Pump (Central) 6 11 6.7 16 
Heat Pump (Central) 7 12 7.2 16 
Heat Pump (Central) 8 13 7.7 16 
Heat Pump (Central) 9 14 8.2 16 
Heat Pump (Central) 10 15 8.5 16 
Heat Pump (Central) 11 16 8.6 16 
Heat Pump (Central) 12 17 8.7 16 
Heat Pump (Central) 13 18 9.3 16 
Heat Pump (Central) 14 19 9.5 16 
Heat Pump (Central) 15 20 10 16 
Heat Pump (Central) 16 21 10 16 
 
2.4.5 Energy Efficient Lightning 
Efficient lighting system is very important for residential energy savings. Switching 
from traditional lighting to ENERGY STAR qualified lighting provides energy 
savings of 75% or more. This enables to save about $6 per bulb or more than $420 
(based on US home average, 30 light fixtures per household) annually on energy 
bill (Energy Star 2012). Efficiency of light bulbs depends on the measure of light 
output (lumens) and energy (watts) needed to power the bulb. DOE DOE (2013) 
proposes the most common energy-efficient lighting types as energy-saving 
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incandescent, compact fluorescent lamps (CFLs), and light emitting diodes 
(LEDs). 
2.4.5.1 Energy-Saving Incandescent 
Energy-saving, or halogen, incandescent has a capsule inside that holds gas 
around a filament to increase bulb efficiency (see Figure 2.21A). This type of 
incandescent bulb is about 25% more efficient and can last up to three times longer 
than traditional incandescent bulbs.  
2.4.5.2 Compact Fluorescent Lamps (CFLs) 
Compact fluorescent lamps (CFLs) are curly versions of the long tube fluorescent 
lights (see Figure 2.21B). Since they use less electricity than traditional 
incandescent, payback period for typical CFLs is less than nine months. ENERGY 
STAR qualified CFL provides 75% energy savings and lasts ten times longer than 
a comparable incandescent bulb that puts out the same amount of light. 
2.4.5.3 Light Emitting Diodes  
The light emitting diode (LED) is basically a semi-conductor that converts electricity 
into light. LED bulbs are currently available in many products such as 
replacements for 40W, 60W, and 75W traditional incandescent, reflector bulbs 
often used in recessed fixtures, and small track lights (see Figure 2.21C). 
ENERGY STAR qualified LEDs use only 20%–25% of the energy and last up to 
25 times longer than the traditional incandescent bulbs they replace. 
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A. Incandescent B. CFLs C. LEDs 
   
Figure 2.21: Types of energy-efficient lighting systems (DOE 2013) 
2.4.5.4 Energy Efficient Appliances 
Energy efficient home appliances have great impact on improving residential 
energy savings. There are mainly five types of home appliances that have great 
potential to save energy for residential units. These appliances are (1) washers, 
(2) dishwashers, (3) refrigerators, and (4) dryers. 
2.4.5.4.1 Washers:  
Principles for energy efficient clothes washers are based on less energy and water 
usage. ENERGY STAR certified clothes washers use 20% less energy and % 35 
less water than regular washers (Energy Star 2012).  Efficiency of clothes washers 
depends on modified energy factor (MEF) and water factor (WF). MEF is the 
quotient of the capacity of the clothes container, ‘C’, divided by the total clothes 
washer energy consumption per cycle, with such energy consumption expressed 
as the sum of the machine electrical energy consumption, ‘M’, the hot water energy 
consumption, ‘E’, and the energy required for removal of the remaining moisture 
in the wash load, ‘D’ (see Equation 2-1). 
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C
MEF
M E D

 
                                   (2-1) 
WF is the quotient of the total weighted per-cycle water consumption, ‘Q’, divided 
by the capacity of the clothes washer, ‘C’, (see Equation 2-2). According to this 
equation, the lower the value, the more water efficient the clothes washer is. 
Q
WF
C

                                      (2-2) 
The new ENERGY STAR criteria require all qualified products to have a Modified 
Energy Factor (MEF) of 2.0 or greater as well as a Water Factor (WF) of 6.0 or 
lower (Energy Star 2012). 
2.4.5.4.2 Dishwashers:  
Efficiency of dishwashers is based on specific energy consumption (kWh/year) and 
water consumption levels (gallons/cycle). US Department of Energy (DOE) 
requires federal standard for dishwashers, as shown in Table 2.11(Bichiou and 
Krarti 2011). ENERGY STAR rated dishwashers provide 10% more energy 
efficient and 20% more water efficiency than standard models (Energy Star 2013). 
Table 2.11: Federal standard for dishwashers 
 Standard Size Model Compact Size Models 
Federal Standard 
(Effective Jan 1,2010) 
≤ 355 kWh/year  
≤ 6.5 gallons/cycle 
≤ 260 kWh/year  
≤ 4.5 gallons/cycle 
2.4.5.4.3 Refrigerators:  
Efficiency of refrigerators depends on energy factor (EF) which is defined as the 
ratio of adjusted volume to the energy consumption in one day (NREL 2012) . 
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2.4.5.4.4 Dryers: 
Efficiency of clothes dryers is based on drying energy (kBtu/load) which is the 
energy consumed by the clothes dryer (NREL 2012). Accordingly, the list of clothes 
dryers for residential housing unit is identified based on the findings of literature 
review and is summarized in Table 2.12.  
Table 2.12: The list of clothes dryer 
 Drying Energy Fuel Type Lifetime (years) 
Clothes Dryer 1 13 Electric 13 
Clothes Dryer 2 22 Gas 13 
2.4.6 Improved Water Efficiency 
Using less water is one of the most important strategies for providing resource 
efficient homes and saving occupants money. US indoor residential water usage 
is about 80 gallons per person per day without efficient fixtures, and distribution of 
water usage is shown in Figure 2.22 (Woodwell et al. 1995). 
 
Figure 2.22: Distribution of US indoor residential water usage 
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2.4.6.1 Toilets 
Toilets are the main source of water use in the home, accounting for nearly 30 
percent of residential indoor water consumption. U.S Environmental performance 
Agency (EPA) runs a program called WaterSense in order to help consumers 
identify water-efficient toilets that can reduce water use in the home and help 
preserve the nation's water resources. WaterSense labeled toilets provide 20 % 
less water usage than current federal standard (EPA 2008). There are mainly five 
types of criteria for a tank-type high-efficiency toilet under EPA’s WaterSense 
Program (EPA 2011): 
- Single flush, tank-type gravity toilets, 
- Dual flush, tank-type gravity toilets, 
- Dual-flush, tank-type flushometer tank (pressure-assist) toilets, 
- Tank-type, flushometer tank (pressure-assist) toilets, 
- Tank-type electrohydraulic toilets. 
According to WaterSense program, the effective flush volume should be less than 
1.28 gallons (which is 20% less than 1.6 gallons per flush standard set by EPAct 
1992), and solid waste removal should be 350 grams or greater.  
2.4.6.2 Washers 
Clothes washers account for about 22% of residential indoor water consumption. 
Efficient washers can reduce water usage by 30-60%, which enables an average 
household save nearly 7000 gallons of water in a year (Woodwell et al. 1995).  
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2.4.6.3 Showerheads 
Showerheads consume more than 21% of residential indoor water, or about 30 
gallons per household per year. High-efficient showerheads may save an average 
family about 2900 gallons per year. Standard showerheads use 2.5 gpm whereas 
WaterSense label showerheads use no more than 2.0 gpm (EPA 2012). 
2.4.6.4 Bathroom Faucets 
Faucets use more than 12% of residential indoor water. High-efficient bathroom 
sink faucets and accessories can reduce a sink’s water flow by 30% or more (EPA 
2008).  The flow rate for bathroom sink faucet should be less than or equal to 1.5 
gallons per minute (gpm) at pressure of 60 psi at the inlet, minimum flow rate 
should be more than or equal to 0.8 gpm at a pressure of 20 psi (EPA 2012). 
2.4.7 On-Site Renewable Energy Sources 
On-site renewable energy options – primarily solar, geothermal, micro-hydropower 
systems, and wind – can provide single-family housing unit owners to generate 
adequate energy essential for heating, cooling, lightning, and operating their 
homes. There are mainly five types of on-site renewable energy systems for single-
family housing units. These are (1) passive solar home design; (2) photovoltaic; 
(3) geothermal heat pumps; (4) micro-hydropower systems; (5) small wind electric 
systems; (6) hybrid solar/wind systems.  
2.4.7.1 Passive Solar Home Design 
Passive solar design aims to reduce the need for mechanical cooling and heating, 
and daytime artificial lightning. A passive solar home design must include some 
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basic strategies that work together. These strategies are: (a) orienting the house 
with the long axis running east/west; (b) orienting windows properly: windows 
should face within 30 degrees of true south and shouldn’t be shaded during heating 
season by other buildings or trees between 9am-3pm each day. Windows should 
be shaded to avoid overheating during the spring, fall, and cooling season; (c) 
adding thermal mass in walls or floor for heat storage; (c) sizing roof overhangs 
properly to provide shade to vertical south windows during summer season; (d) 
installing electronic sensing devices such as a differential thermostat, low-
emissivity blinds, awnings, operable insulating shutters (DOE 2013; US Dept. of 
Energy. Building Technology and Community 2000). Designers apply 
aforementioned strategies using three passive solar design techniques: (1) direct 
gain, (2) indirect gain, and (3) isolated gain.  
2.4.7.1.1 Direct gain  
Direct gain is solar radiation that directly penetrates and is stored in the living 
space. Sunlight enters the house through south-facing windows and strikes 
masonry floors and/or walls, which absorb and store the solar heat (see Figure 
2.23). As the room cools during the night, the thermal mass releases heat into the 
house (DOE 2013; US Dept. of Energy. Building Technology and Community 
2000). 
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Figure 2.23: Direct gain passive solar design (DOE 2013) 
2.4.7.1.2 Indirect Gain  
Indirect gain collects, stores, and distributes solar radiation using some thermal 
storage material (US Dept. of Energy. Building Technology and Community 2000). 
The most common indirect-gain approach is a Trombe wall which consists of an 8-
inch to 16-inch thick masonry wall on the south side of a house.  A single or double 
layer of glass with one inch or less is mounted in front of the dark-colored wall (see 
Figure 2.24). This provides the wall to absorb solar heat and store it in wall’s mass. 
Heat travels through a masonry wall at an average rate of one hour per inch, so 
the heat absorbed on the outside of an 8-inch thick concrete wall at noon will enter 
the interior living space around 8 pm (DOE 2013). 
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Figure 2.24: Trombe wall (DOE 2013) 
2.4.7.1.3 Isolated Gain (Sunspaces) 
Isolated gain systems collect solar radiation in an area that can be closed off or 
opened to the rest of the house (DOE 2008). The most common isolated gain 
design approach is sunspaces which are serving three main functions: (a) 
providing auxiliary heat, (b) a sunny space to grow plants, and (c) a pleasant living 
area.  
2.4.7.2 Photovoltaic 
A home-based photovoltaic (PV) system is used for converting sunlight directly 
into electricity to allow a home to generate electricity on site. This system relies on 
solar cells made of semiconductor materials in solar panels. PV solar panels are 
usually installed on the roof to expose the direct sunlight and operate properly 
(DOE 2008).  
2.4.7.3 Geothermal Heat Pumps 
Geothermal heat pumps (GHPs) are among the most efficient and comfortable 
heating and cooling technologies currently available, since they use the earth’s 
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natural heat to provide heating, cooling, and often, water heating (Energy Star 
2012). Energy Star qualified geothermal heat pumps provide more than 45% of 
energy efficiency than standard options. GHP has three models: (1) water-to-air 
model which provides space conditioning primarily by the use of an indoor air heat 
exchange coil, (2) water-to-water model which provides space conditioning and/or 
domestic water heating by the use of indoor refrigerant-to-water heat 
exchanger(s), and (3) direct geo-exchange (DGX) model which enables the 
refrigerant circulates in pipes buried in the ground or submerged in water that 
exchanges heat with the ground, rather than using a secondary heat transfer fluid, 
such as water or antifreeze solution in a separate closed loop (Energy Star 2012). 
Then, there are six heat-exchange methods: (a) closed-loop heat exchange 
method provides the heat transfer fluid which is permanently contained in a closed 
piping system, this method is also called a ground-loop system; (b) horizontal heat 
exchange method is the most cost-effective for residential installations, the most 
common layouts either use two pipes, one buried six feet, and other at four feet, 
or two pipers placed side-by-side at five feet in the ground in a two-foot wide trench. 
Open loop heat exchange method provides the heat transfer fluid which is part of 
a larger environment, as shown in Figure 2.25A; (c) pond-lake is the lowest cost 
option, if the site has an adequate water body. A supply line pipe is run 
underground from the building to the water and coiled into circles at least eight feet 
under the surface to prevent freezing (see Figure 2.25B). The coils should only be 
placed in a water source that meets minimum volume, depth, and quality criteria; 
and (d) vertical loops are usually used for large commercial buildings and schools 
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since the land area required for horizontal loops would be prohibitive, as shown in 
Figure 2.25C; (e) open loop system generally uses ground water, reclaimed water, 
or surface water as the heat transfer medium; this method is also called a ground-
water system, as shown in Figure 2.25D; (f) hybrid systems using several different 
geothermal resources, or a combination of a geothermal resource with outdoor air 
(i.e., a cooling tower), are another technology option. Hybrid approaches are 
particularly effective where cooling needs are significantly larger than heating 
needs (DOE 2012d; Energy Star 2012). Efficiency of a GHP is measured in terms 
of EER and coefficient of performance (COP) which is a measure of efficiency in 
the heating mode that represents the ratio of total heating capacity to electrical 
energy input. Although initial investment for installing a geothermal system can be 
several times higher than conventional heating and cooling systems of equal 
capacity, the additional costs are returned in energy savings in 5 to 10 years. The 
system life-time is as 25 years for the inside components, and 50+ years for the 
ground loop. Approximately 40,000 geothermal heat pumps are installed in the 
United States each year (Energy Star 2012). 
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A. Closed Loop Systems Horizontal B. Closed Loop Systems Pond/Lake 
  
C. Closed Loop Systems Vertical D. Open Loop Systems 
  
Figure 2.25: Geothermal Heat Pump heat-exchange methods (DOE 2012d) 
2.4.7.4 Micro-hydropower  
Micro-hydropower system is a smaller scale of large hydroelectric dams and 
generating plants. This system is based on generating electricity for the 
homeowner with access to a stream or moving water (see Figure 2.26). This size 
of system typically produces about 100 kilowatts (kW) of power. A large home can 
be adequately powered by a micro-hydro system of only 10 kW (DOE 2008).  
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Figure 2.26: Micro-hydropower for residential units (DOE 2008) 
2.4.7.5 Small Wind Electric Systems 
Wind turbines convert the kinetic energy in wind into mechanical power that runs 
a generator to produce electricity. A small wind turbine system refers to a turbine 
equal or smaller than 100 kilowatts  (NREL 2013). This system is generally used 
for residential housing units to generate adequate electricity on site. There are 
several requirements that should be taken into account to decide utilizing from 
wind energy is practical or not for a homeowner. These requirements can be listed 
as: (a) a good wind resource is needed for the property; (b) housing unit is located 
at least one acre of land in a rural area; (c) local zoning codes should allow wind 
turbines; (d) average electricity bill should be $150 or more (DOE 2008). 
Small wind systems can be connected to the electricity distribution system and are 
called as grid-connected systems (see Figure 2.27). With grid connected wind 
systems, the homeowner can also sell excess electricity to the utility or purchase 
electricity from the utility when it is needed (DOE 2008; NREL 2005).  
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Figure 2.27: Grid connected small wind systems (NREL 2005) 
2.4.7.6 Hybrid Wind/Solar Systems 
Hybrid systems combine wind and photovoltaic (PV) technologies with a solar 
and/or diesel generator to provide off-grid power for homes, farms or even entire 
communities (see Figure 2.28). Hybrid systems can suppress the weakness of 
each approach (lack of wind and sunlight). Since peak operating season for wind 
and PV occur at different times of the year, hybrid systems are more likely to 
produce power when it is needed (DOE 2008; NREL 2005). 
 
Figure 2.28: Hybrid power systems for homes (NREL 2005)  
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2.5 Decision Making Techniques for Sustainable Buildings 
This section presents available decision making methods utilized for optimizing 
design and construction decisions to maximize sustainability performances of 
buildings. A number of research studies investigated various decision making 
models, including: (1) life-cycle cost analysis; (2) sequential search algorithm, (3) 
particle swarm optimization, and (4) genetic algorithm. Aforementioned models are 
discussed briefly as below.  
2.5.1 Life-Cycle Cost Analysis (LCCA) 
The Life-Cycle Cost Analysis (LCCA) is an economic model of project evaluation 
in which accounts for all costs from owning, operating, maintaining, and disposing 
during a life of the project. In order to implement LCCA for a project, the study 
period, which begins with the base date, and includes planning/construction period 
(if any) and the service period (or beneficial occupancy period), as shown in Figure 
2.29 (Fuller et al. 1996). Setting these dates and periods assist the decision-
makers to adjust the future costs of a project into the present value (PV).  
 
Figure 2.29: Life-cycle cost analysis phased in planning and construction period 
 (Fuller et al. 1996) 
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There are three different approaches to calculate present value of LCCA: (1) PV 
formula for one-time amounts which refers to the costs occurring at irregular or 
non-annual intervals, e.g., painting at four-year intervals, residual value at the end 
of the study period, as shown in Equation 2.3; (2) PV formula for annually recurring 
uniform amounts, e.g., annual maintenance costs, as shown in Equation 2.4; (3) 
PV formula for annually recurring non-uniform amounts, e.g., annual energy costs 
based on the same level of energy consumption each year and increasing 
projected escalation rate, as shown in Figure 2.5 (Fuller et al. 1996; Rushing et al. 
2010).  
                                   (2-3) 
Where, 
PV = Present Value; 
Ct = Future cash amount occurring at the end of year t; 
d = discount rate; 
                              (2-4) 
Ct0 = Equal cash amounts that recur annually over a period of n years; 
                                       (2-5) 
e = a constant escalation rate over n years. ‘e’ can be positive or negative. 
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Therefore, Rushing et al. (2010) expressed life-cycle cost (LCC), as shown in 
Equation 2.6: 
                                               (2-6) 
Where, 
LCC = Life-Cycle Cost in present-value (PV) dollars; 
I = PV Investment cost. It is the owner’s cost of acquiring the proposed alternative 
in a fully operational state; 
CREP = PV capital replacement cost; 
CE= PV of energy costs; 
CRES = PV residual value (resale value, scrap value, salvage value) less disposal 
costs; 
CW = PV of water costs; 
COM&R = PV of non-fuel operating cost, maintenance and repair costs. These costs 
incurred annually for the regular care and maintain the alternative, and include the 
salary of maintenance personnel, consumable supplies, service contracts, etc. 
Accordingly, several research studies investigated LCCA because of its capability 
on evaluating life-time cost performances of buildings (Athena et al. 2011; Wang 
and Xu 2006; Wang et al. 2006; Wang et al. 2005). This leads to more 
comprehensive and accurate cost estimation for building design and construction 
decisions. 
&REP RES E W OM RLCC I C C C C C     
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2.5.2 Sequential Search Algorithm 
Sequential Search Algorithm is based on a linear unordered list including the 
variables for an optimization problem. This list is sequentially searched through on 
the basis of an objective function to see whether a record exists in the list (Hester 
and Hirschberg 1985).  
In order to optimize design and construction features to maximize sustainability of 
single-family housing units, several studies developed optimization model based 
on sequential search algorithm (Bichiou and Krarti 2011; Ihm and Krarti 2012; 
Tuhus-Dubrow and Krarti 2010). In addition to this, BEopt utilizes sequential 
search algorithm to find minimum-cost building designs at different target energy-
savings levels through evaluating building design and construction options. To 
accomplish this methodology, all options are simulated one by one in the presence 
of an initial building design. These simulations comprise an iterative process. 
Based on simulation results and energy-related costs, the most cost-effective -- 
which refers to the steepest slope -- option is chosen as the optimal point for the 
iteration. Then, the chosen option is removed from next iteration and remaining 
efficiency measures are simulated for finding new optimal point and the iterative 
process repeats, as shown in Figure 2.30. 
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Figure 2.30: Basic sequential optimization process for BEopt (NREL 2013) 
2.5.3 Particle Swarm Optimization 
Particle Swarm Optimization (PSO) algorithm is a method for optimizing 
continuous non-linear functions. This algorithm was emerged from simulation of a 
simplified social milieu which graphically simulates the unpredictable 
choreography of a bird flock (Kennedy and Eberhart 1995). In PSO, a number of 
simple particles are placed in the search space of a function. Then, each particle 
evaluates the objective function at its current location and determines its 
movement through the search space to the best-fitness locations with those of one 
or two member of swarm, with random perturbations. The next iteration is done 
after all agents have been moved. Eventually, the swarm as a whole, like a flock 
of birds collectively foraging for food, is likely to move close to an optimum of the 
fitness function (Poli et al. 2007). PSO algorithm is also a robust model for 
conducting multi-objectives optimization analysis, since its ability to select the 
global best particle of the population from a set of Pareto-optimal solutions has 
great lead to convergence and diversity of solutions (Mostaghim and Teich 2003).  
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In order to optimize design and construction decisions of buildings for maximizing 
their sustainability performances, some research studies employed PSO algorithm 
(Bichiou and Krarti 2011; Tuhus-Dubrow and Krarti 2010).  
2.5.4 Genetic Algorithms 
Genetic algorithms (GA) is probabilistic search procedures designed to work on 
large spaces involving states that can be presented by strings (Goldberg and 
Holland 1988). This method can solve a problem based on five main principles: (a) 
a genetic representation of solutions to the problems; (b) create an initial 
population of solutions; (c) an evaluation function rating solutions in terms of their 
fitness; (d) genetic operator that change the genetic composition of children during 
reproduction; and (e) values for the parameters such as population size, 
probabilities of applying genetic operators (Michalewicz 1996). Genetic algorithms 
are well suited to multi-objective optimization problems because of its ability to 
enable multiple directional and global search through maintaining a population of 
potential solutions from generation to generation (Gen and Cheng 2000).   
For developing building design optimization problems, several studies applied GA 
as optimization method (Bichiou and Krarti 2011; Caldas and Norford 2003; 
Congradac and Kulic 2009; Magnier and Haghighat 2010; Munda 2005; Rakha 
and Nassar 2011; Tuhus-Dubrow and Krarti 2010; Wang and Xu 2006; Wang et 
al. 2006; Wang et al. 2005; Wright et al. 2002; Xu and Wang 2008; Yi and Malkawi 
2009).  
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2.6 Limitations of Existing Building Optimization Models  
Despite the significant research contributions of the aforementioned building 
design optimization models, they all focused on minimizing building energy 
consumption, and/or maximizing thermal comfort. Accordingly, they are incapable 
of (1) measuring the environmental performance of producing, utilizing and 
disposing of various building materials such as greenhouse gas emissions 
generated during their production and the generated solid waste during their 
disposal; (2) analyzing the impact of integrating water-efficient measures such as 
low-flow faucets and toilets on the environment; (3) quantifying the impact of 
housing design and construction decisions on the social quality-of-life for its 
residents; and (4) performing comprehensive multi-objective optimization to 
enable decision makers for generating and analyzing optimal tradeoffs among the 
social, environmental, and economic impacts of housing decisions. Accordingly, 
there is a pressing need to address these critical research gaps in housing 
sustainability. 
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CHAPTER 3 
3 SOCIAL IMPACT MODEL 
3.1 Introduction 
The social quality-of-life (SQOL) for single-family housing residents can be 
improved by (a) enhancing the thermal comfort of residents (Peeters et al. 2009; 
Wright et al. 2002), (b) providing better dayligting in the housing unit (Edwards and 
Torcellini 2002; Kubba 2012), (c) improving indoor air quality (EPA and Office of 
Air Radiation 1991; Kibert 2005; Schenck et al. 2010), and (d) selecting a house 
location in high-quality and safe neighborhoods that provide economic and 
employment opportunities, enhanced environmental and living conditions, and 
essential services and amenities such as public transportation and schools (EPA 
2012). To accomplish these improvements in the SQOL for housing residents, 
decision makers in the housing industry need to carefully analyze their decisions 
to ensure that they can design and build single-family housing units that maximize 
the SQOL for the housing residents while minimizing the life-cycle cost of the 
housing unit.  
A number of research studies were conducted to investigate and improve the 
SQOL for the occupants of residential housing units. These studies focused on: 
(1) improving  the thermal comfort of residents (Magnier and Haghighat 2010; 
Peeters et al. 2009; Synnefa et al. 2007), (2) providing enhanced daylighting in 
housing units (Joines 2009; Li et al. 1999; Tuhus-Dubrow and Krarti 2010), (3) 
improving indoor air quality (Lee et al. 2002; Schenck et al. 2010), and (4) 
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evaluating the level of services and amenities in housing neighborhoods (EPA 
2012; Newman and Director 2002; USGBC 2009). Despite the significant 
contributions of these studies, they all focused on improving various aspects of the 
social quality of life without analyzing their impact on the life cycle cost (LCC) of 
single-family housing. Accordingly, there is a pressing need for new and innovative 
models that are capable of analyzing and optimizing the impact of maximizing the 
SQOL on the life cycle costs of single-family housing including their impact on (i) 
increasing the annual energy consumption of a housing unit, (ii) implementing 
additional indoor air quality measures such as exhaust fans, and (iii) increasing 
land prices based on the housing site location. To address this research need, this 
Chapter presents the development of a novel model for optimizing the design and 
construction of single-family housing units in order maximize the SQOL for their 
residents while minimizing their life cycle cost. 
3.2 Objective 
The objective of this Chapter is to present the development of a novel multi-
objective optimization model for optimizing the design and construction decisions 
of single-family housing units that provides the capability of maximizing the SQOL 
for the residents and minimizing the LCC of the housing unit. The model is 
developed in three main stages: (1) criteria and metrics identification stage that 
determines all relevant criteria and metrics to measure and improve the 
performance of the two optimization objectives in the model; (2) formulation stage 
that identifies and incorporates all decision variables, objective functions and 
practical constraints, and formulates a multi-objective optimization model; and (3) 
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performance evaluation stage that performs a practical implementation of the 
formulated model to assess and improve its performance. 
3.3 Criteria and Metrics Identification  
This stage of the model development was designed to identify all relevant criteria 
and metrics that can be used to measure and evaluate the impact of single-family 
housing design and construction decisions on the two optimization objectives in 
the model (i.e. SQOL for housing residents and the LCC of the housing units). 
First, four major criteria were identified to have an impact on the social quality-of-
life objective and one criteria was identified for the life-cycle cost objective, as 
shown in Table 3.1. Second, a set of metrics was identified for each criterion to 
enable the measurement of its performance (see Table 3.1).  
Table 3.1: Model criteria and metrics 
OBJECTIVES CRTIERIA METRICS 
1. 
Maximizing 
Social 
quality-of-
life (SQOL) 
1.1- Thermal 
Comfort (TC)  
1.1.1 Predicted percentage of dissatisfied (PPD) index (Fanger 1972) 
1.2- Indoor 
Lighting 
Quality (LQ) 
1.2.1 Annual average daylighting illuminance level (Li et al. 1999) 
1.2.2 Total hours exceeding glare comfort level in a year in hours (Birdsall 
et al. 1990; Winkelmann and Selkowitz 1985) 
1.3- Indoor 
Air Quality 
(AQ) 
1.3.1 Points  
achieved by installing  
the following  
EPA (2013) recommended  
equipment (aqk) 
aq1: Moisture Control (1 point):  
 Sump pump if the home does not have slab-on-grade 
foundation 
aq2: Radon Control (2 points): 
 Radon fan in the attic  if the housing unit is located in  
EPA Radon Zone 1 
 Radon pipe if housing unit is located in EPA Radon 
Zone1 aq3: Pest Barrier (1 point): 
 Corrosion-proof of rodent/bird screens at all openings 
that cannot be fully sealed for pest control 
aq4: Combustion Pollutants (2 points): 
 CO alarms in each bedroom and the attached garage 
 Exhaust fan which has a min. installed cap of 70 cfm 
with automatic fan control if there is an attached garage 
aq5: Improved HVAC System (3 points): 
 Dehumidifier and setting maximum relative humidity  
at 60% if the housing unit is in the warm-humid climate 
 MERV8/higher filters for HVAC 
 Exhaust fan in each bathroom and kitchen to meet 
ASHRAE 62.2 standards 
1.3.2 Percentage of dissatisfied people (PD) from indoor air quality caused 
by ventilation rate (ASHRAE 2011; Fanger 1988) 
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Table 3.1 cont.: Model criteria and metrics 
OBJECTIVES  CRTIERIA METRICS 
1. 
Maximizin
g Social 
Quality-of-
Life 
(SQOL 
1.4-
Neighborhood 
Quality (NQ) 
 
 1.4.1 Education Metrics 
 Educational Attainment  
 Child Care Programs 
 Elementary & Middle School Proximity  
 High School Proximity 
 4thgrades NAEP Proficiency 
 8thgrades NAEP Proficiency 
 12th Grade ACT Proficiency 
 College Enrollment 
 High Mobility Students 
 1.4.2  Safety Metrics 
 Property Crime  
 Society Crime 
 Violent Crime 
1.4.3   Health Metrics 
 Local Health Services  
 Birth Weight 
 1.4.4  Service and Amenities 
Metrics 
 
 Commute Time  
 Available Transit Services 
 Transit Stop Access 
  Bike Path Access 
  Food Retail  
  Services 
  Community-Serving Retail 
  Civic and Community Facilities 
  Public Open Spaces 
  Outdoor Recreation Facilities 
  Indoor Recreation Facilities 
 1.4.5  Electoral Participation 
Metric 
 Voter Turnout 
 1.4.6  Economic Conditions 
Metrics 
 Assisted Housing  
 Foreclosure  
 Housing Affordability 
 Locally Owned Businesses 
 Unemployment Rate 
 Families in Poverty 
 1.4.7  Environmental  
Conditions Metrics 
 CO2 from residential energy 
 CO2 from transportation 
 LEED certified buildings 
 Particulate matter 
 Water quality of tap water  
 Toxins released by industrial firms 
 Water usage efficiency 
2. 
Minimizing 
Life-cycle 
Cost 
(LCC) 
  2.1- Life-
cycle Cost  
(LCC) 
 2.1.1  Initial Investment Cost 
 2.1.2  Operation and Maintenance Costs 
 2.1.3  Energy and Utility Costs 
 2.1.4  Capital Replacement Cost 
 2.1.5  Residual Value  
          (Fuller et al. 1996; Rushing et al. 2010) 
 
3.4 Model Formulation 
This stage of the model focuses on developing a model that is capable of 
maximizing the SQOL for single-family housing residents while minimizing the LCC 
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of single-family housing units. This stage is accomplished in three steps: (1) 
identifying all relevant decision variables; (2) formulating the objective functions; 
and (3) representing all practical constraints.  
3.4.1 Decision Variables 
The present model incorporates the identified decision variables that have an 
impact on the aforementioned optimization objectives, criteria and metrics, as 
shown in Table 3.2. 
Table 3.2: Decision variables 
Criteria Decision Variables  Definitions 
Thermal 
Comfort (TC)  
Heating set point (d1)   Heating set temperature for space conditioning systems 
during heating season 
     Cooling set point (d2)   Cooling set temperature for space conditioning systems 
during cooling season 
Relative humidity (d3) Indoor humidity percentage 
Indoor Lighting 
Quality (LQ) 
Window-to-wall area 
ratio (d4) 
  Ratio of total window area on an exterior wall to the area 
of an exterior wall 
Window elevation (d5) Elevation of the windows from the ground 
 Window types (d6) 
  Type of selected window and its characteristics including 
U-value, Solar gain heat capacity (SHGC), and Visual 
Transmittance (VT) of windows 
Indoor Air 
Quality (AQ)  
Installation of EPA 
recommended AQ 
equipment (d7 to d15) 
This includes nine binary decision variables, where each 
represents whether each of the EPA recommended AQ 
equipment in Table 1 is installed in the house or not  
Mechanical ventilation 
rate (d16) 
Specified overall mechanical whole-house ventilation  
Neighborhood 
 Quality (NQ) 
  Neighborhood location 
(d17)  
 Location of the housing unit and its neighborhood  
3.4.2 Objective Functions 
The present model is developed to optimize design and construction decisions in 
order to accomplish two main objectives: (1) maximizing SQOL for the single-
family housing residents; and (2) minimizing LCC of single-family housing units.  
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3.4.2.1 Maximizing Social Quality-of-Life 
The present model integrates an objective function to calculate and maximize the 
social quality-of-life SQOL for housing residents, where ‘0’ represents the worst 
and ‘1’ represents the best SQOL performance (see Equation 3.8). In this objective 
function, an overall SQOL index is calculated to represent the collective 
performance of the housing unit in each of the aforementioned four SQOL criteria 
which are represented each by a unique index, as shown in Equations (3.9) 
through (3.12). The following sections describe the computations of each of these 
four indices.  
Maximize SQOL=        1 2 3 4w TCI w LQI w AQI w NQI           (3.8)                                    
Where, TCI is the thermal comfort index which represents the normalized 
performance of the thermal comfort criterion TC; LQI is the lighting quality index 
which represents the normalized performance of the lighting quality criterion LQ; 
AQI is the indoor air quality index which represents the normalized performance of 
the indoor air quality criterion AQ; NQI neighborhood quality index which 
represents the normalized performance of the neighborhood quality criterion NQ; 
and 𝑤𝑥 is the importance weight of each criterion where 𝑤𝑥 > 0 
and ∑ 𝑤𝑥 = 1
4
𝑥=1 . 
Thermal Comfort Index 
The thermal comfort index (TCI) ranges from ‘0’ representing the worst possible 
performance to ‘1’ representing the best possible performance. TCI is calculated 
using an external energy analysis and thermal load simulation algorithms (e.g., 
EnergyPlus), as shown in Equation 3.9.  
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1 2 3 1 2 3
( , , ) ( , , )
( , , ) ( , , )
f d d d f d d d
TCI
f d d d f d d d

 



                (3.9) 
Where, 𝑓(𝑑1, 𝑑2, 𝑑3) is a function that uses EnergyPlus algorithms to calculate the 
thermal comfort metric of predicted percentage of dissatisfied index (PPD) for the 
analyzed house based on the aforementioned decision variables of 𝑑1 (i.e. heating 
set point), 𝑑2 (i.e. cooling set point), and 𝑑3(i.e. relative humidity percentage); 
𝑓−(𝑑1, 𝑑2, 𝑑3) is the worst thermal comfort performance calculated by EnergyPlus 
for the analyzed house (e.g. PPD = 100% which indicates that 100% of the people 
were dissatisfied throughout the year); and 𝑓+(𝑑1, 𝑑2, 𝑑3) is the best thermal 
comfort performance calculated by EnergyPlus for the house (e.g. PPD = 0%). 
Indoor Lighting Quality Index 
Indoor lighting quality index integrates two metrics to quantify the overall lighting 
quality criterion (LQ), and it ranges from ‘0’ representing the worst possible 
performance to ‘1’ representing the best possible performance. The performance 
of indoor lighting criteria is calculated using an external energy analysis and 
thermal load simulation algorithm, as shown in Equation 3.10.  
4 5 6 4 5 6 4 5 6 4 5 6
1 2
4 5 6 4 5 6 4 5 6 4 5 6
( , , ) ( , , ) ( , , ) ( , , )
( , , ) ( , , ) ( , , ) ( , , )
l lg d d d g d d d h d d d h d d d
LQI w w
g d d d g d d d h d d d h d d d
 
   
 
   
 
   
   
   
(3.10) 
Where, 𝑔(𝑑4, 𝑑5, 𝑑6) is a function that uses EnergyPlus algorithms to calculate the 
first indoor lighting quality metric of annual average daylighting illuminance level 
(𝑙𝑞1) based on the aforementioned decision variables of 𝑑4 (i.e. window-to-wall 
area ratio), 𝑑5 (i.e. elevation of windows), and 𝑑6 (i.e. window type); 𝑔
−(𝑑4, 𝑑5, 𝑑6) 
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and 𝑔+(𝑑4, 𝑑5, 𝑑6) are the minimum and maximum values for 𝑙𝑞1; ℎ(𝑑4, 𝑑5, 𝑑6) is a 
function that uses EnergyPlus algorithms to calculate the second indoor lighting 
quality metric of hours exceeding glare comfort level in a year (𝑙𝑞2) based on the 
aforementioned decision variables of 𝑑4, 𝑑5, 𝑎𝑛𝑑 𝑑6; ℎ
−(𝑑4, 𝑑5, 𝑑6) and 
ℎ+(𝑑4, 𝑑5, 𝑑6) are the minimum and maximum values for 𝑙𝑞2;  𝑤𝑡
𝑙 is the importance 
weight for each of the two indoor lighting quality metrics, where 𝑤𝑡
𝑙 > 0
 
and ∑ 𝑤𝑡
𝑙 = 12𝑡=1 . 
Indoor Air Quality Index 
The indoor air quality index (AQI) ranges from ‘0’ that represents the worst possible 
performance to ‘1’ representing the best possible performance. AQI is designed to 
quantify the overall performance of the indoor air quality criterion (AQ), as shown 
in Equation 3.11. 
1
1 2
( )
100
100
K
k
a ak
P aq
PD
AQI w w
R
    

      (3.11) 
Where, 𝑃(𝑎𝑞𝑘) is the number of points that can be earned by installing the EPA 
recommended AQ equipment (aqk) in Table 1 such as the combustion pollutants 
equipment (aq4) that can earn a maximum of 2 points (𝑃(𝑎𝑞4) = 2) by installing 
CO alarms in each bedroom and garage, and installing 70 cfm exhaust fan with 
automatic fan control in the garage; R is the total number of points that can be 
earned by installing all EPA recommended AQ equipment in Table 1; PD is the 
percentage of dissatisfied people from indoor air quality caused by ventilation rate 
‘q’ which includes mechanical ventilation rate (𝑑16) and natural ventilation rate (𝑛𝑣), 
where 𝑞 = 𝑠𝑞𝑟𝑡((𝑑16)^2 + (𝑛𝑣)^2)  and 𝑃𝐷 = 395exp(−1.83q
0.25) if 𝑞 ≥ 0.32 𝑙/𝑠,
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else 𝑃𝐷 = 100% (ASHRAE 2011; Fanger 1988); and
 
𝑤𝑧
𝑎 is the importance weight 
for both criteria where 𝑤𝑧
𝑎 > 0
 
and ∑ 𝑤𝑧
𝑎 = 12𝑧=1 . 
Neighborhood Quality Index 
The neighborhood quality index (NQI) ranges from ‘0’ that represents the worst 
possible performance and ‘1’ representing the best possible performance and is 
calculated as shown in Equation 3.12 
 
1 1
J I
s s
j ij ij
j i
NQI w w U m
 
                      (3.12)
       
Where, 𝑈(𝑚𝑖𝑗) is the utility value that represents the normalized performance of 
the house in each of the neighborhood quality (NQ) metrics in Table 1; J is the total 
number of sets of neighborhood quality (NQ) metrics in Table 1 such as education 
metrics and safety metrics; I is the total number of metrics (e.g., educational 
attainment, high school availability) in each set; 𝑤𝑖𝑗
𝑠  is the importance weight for 
each metric where  𝑤𝑖𝑗
𝑠 > 0
 
and ∑  𝑤𝑖𝑗
𝑠 = 1𝐼𝑖𝑗=1 ; and 𝑤𝑗
𝑠 is the importance weight for 
each metric where  𝑤𝑗
𝑠 > 0
 
and ∑  𝑤𝑗
𝑠 = 1𝐽𝑗=1 .  
The present model integrates a number of utility functions to calculate the house 
utility value for each of the neighborhood quality metrics. These utility functions 
were developed to enable the aggregation and normalization of the performance 
of various NQ metrics (𝑚𝑖𝑗) that have different units of measurement. The model 
includes three categories of utility functions, where each represents the type of the 
NQ metric response variable that can be binary, categorical, or continuous.  
The binary utility functions are designed to calculate the utility value for each binary 
NQ metric, as shown in Equation 3.13. For example, the performance of the ‘high 
88 
 
school proximity’ metric is a binary response metric and is used to assess if there 
is a high-school within 1-mile walk distance from the neighborhood boundary or 
not, where 𝑈(𝑚𝑖𝑗) = 1 if the condition is true and 𝑈(𝑚𝑖𝑗) = 0 if false.
                                      
 
 
1
0
ij
true
U m
false



 
 
 
                             (3.13)
                 
The categorical utility functions are designed to calculate the utility value for each 
categorical NQ metric, as shown in Equation 3.14 and Figure 1A. For example, the 
performance of the ‘particulate matter’ metric can be described in the present 
model using a categorical scale of ‘good’, ‘moderate’, ‘unhealthy’, ‘very unhealthy’, 
and ‘hazardous’ as shown in Figure 1A. This enables decision-makers to assess 
the performance of the ‘particulate matter’ metric in the housing neighborhood area 
using a discrete scale ranges from ‘good’ indicating that air pollution poses a little 
or no risk to ‘hazardous’ indicating that the entire population is more likely to be 
affected, as shown in Figure 3.1A.  
 
1
0
ij ij
ij
ij ij
m m
U m
m m


 

 
 
 
 
 
 
                                                                                   (3.14)
           
The continuous utility functions are designed to calculate the utility value for 
each continuous NQ metric based on its worst and best levels (mij- and mij+), as 
shown in Equation 3.15 and Figure 3.1B. The model utilizes a parameter called 
‘magnifying factor’ (nij) to construct a variety of utility functions (concave, convex 
and linear) for each metric (mij) depending on its performance (El-Anwar et al. 
2010).  
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Figure 3.1: Utility function values 
3.4.2.2 Minimizing Life-Cycle Cost (LCC) 
The present model integrates an objective function to calculate and minimize the 
LCC of single-family housing units, as shown in Equation 3.16.  
Minimize LCC = 1 2 17( , , , , )C d d d V                       (3.16) 
Where, 𝐶(𝑑1, 𝑑2, … , 𝑑17, 𝑉) is a function to calculate the LCC of the house including 
all its metrics (i.e. initial investment cost, operation and maintenance costs, energy 
and utility costs, capital replacement cost, and residual value) based on the 
selected values for each of the house decision variables (𝑑1 to 𝑑17) and all the pre-
defined housing features ‘V’ such as exterior wall and roof types. This LCC of the 
house is calculated in the present model by integrating the output of external 
energy analysis and thermal load simulation algorithms that are used to calculate 
the house operation and maintenance costs as well as its energy and utility costs. 
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3.4.3 Model Constraints 
This present model is designed to comply with all practical constraints including 
the specification of the types of decision variables as: (1) discrete integer number 
for the decision variables of heating set point (d1), cooling set point (d2), relative 
humidity ratio (d3), window-to-wall area ratio (d4), window type (d6), and 
neighborhood location (d17), as shown in Equation 3.17, (2) binary number for the 
decision variables of EPA recommended AQ equipment (d7 to d15) to represent if 
they are installed or not, as shown in Equation 3.18, and (3) continuous real 
number for the decision variables of window elevation (d5) and mechanical 
ventilation rate (d16) that should be within a user-specified range from ‘𝑑𝑧
𝑚𝑖𝑛’ to 
‘𝑑𝑧
𝑚𝑎𝑥 ’, as shown in Equation 3.19. 
integer, 1,2,3,4,6,17zd z                         (3.17) 
1
, 7,8,9,10,11,12,13,14,15
0
z
if Installed
d z
if Not Installed
 
   
 
        (3.18) 
min max , 5,16z z zd d d z                  (3.19) 
 
3.5 Model Implementation 
To enable the optimization of the two optimization objectives of SQOL and LCC 
and to identify optimal tradeoffs between them, genetic algorithm (Goldberg 1989) 
was selected as the optimization algorithm for implementing the present model due 
to its capability in solving multi-objective optimization problems (Caldas and 
Norford 2003; El-Rayes and Kandil 2005; Flager et al. 2009; Gen and Cheng 2000; 
Magnier and Haghighat 2010; Tuhus-Dubrow and Krarti 2010). The present model 
was implemented as a multi-objective genetic algorithm (GA) using MATLAB 
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2012a, and linked to an external building energy simulation engine EnergyPlus 
(2011), as shown in Figure 3.2. The computational model is accomplished in three 
main stages: (1) initialization stage which requires the input of all relevant data, 
identify model constraints, and generate solutions for a set of solutions from s=1 
to S for the first generation (g=1); (2) multi-objective optimization stage that 
initializes the calculation process for solution (s) in generation (g), calculates indoor 
air quality and neighborhood quality for each solution (s) in generation (g), 
calculates thermal comfort index and indoor lighting quality based on the results of 
EnergyPlus for each solution (s) in generation (g), calculates the Social-Quality of 
Life (SQOL) index and Life-Cycle Cost (LCC) for each solution (s) in generation 
(g), and selects the best individuals among the generated solutions; and (3) data 
output stage that presents the tradeoff analysis between the objectives of SQOL 
and LCC for decision makers to analyze and select optimal configurations of 
single-family housing design and construction decisions. This iterative process is 
terminated when the specified number of generations (G) is completed. 
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Figure 3.2: Model implementation 
3.6 Application Example 
An application example of a housing unit was analyzed to illustrate the capabilities 
of the developed model and evaluate its performance in generating optimal 
tradeoffs between the SQOL for single-family housing residents and the LCC of 
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the housing units. The housing unit example was selected as B10 Benchmark 
which represents a reference house that is built based on the 2009 International 
Energy Conservation Code, the 2010 Federal appliance standards, and the 2010 
lighting characteristics and miscellaneous electric loads (Hendron et al. 2010). In 
addition, the housing unit was assumed to: (1) be located in Madison, WI in one of 
three possible neighborhood options (i.e. Arbor Hills (NQI=0.82), Marquette 
(NQI=0.90), and Lake Edge (NQI=0.81)), where the ‘Marquette’ neighborhood has 
smaller lots with close neighboring houses; (2) have a service life of 50 years; (3) 
utilize a dehumidifier to control indoor humidity levels; (4) have a North-South 
orientation; (5) have an average natural ventilation rate (nv) of 0.021 ACH; and (6) 
have the decision makers specify the relative importance weights (w) of the social 
quality-of-life SQOL four criteria of thermal comfort, lighting quality, indoor air 
quality, and neighborhood quality as 0.25, 0.15, 0.35, and 0.25, respectively. It 
should be noted that the model provides the capability and flexibility to consider 
varying user-specified weights to represent the relative importance of these four 
criteria that differs from one decision-maker to another.    
The design and construction decisions that need to be optimized for this example-
housing unit are summarized in Table 3.3 that lists the feasible alternatives for 
each decision variable. Possible combinations of these feasible alternatives create 
a large search space of 472 billion possible combinations of design and 
construction decisions for this single-family housing unit. These 472 billion possible 
combinations have varying performances in the aforementioned objectives of the 
SQOL for the house residents and the LCC of the house. To enable an efficient 
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and effective search of this large search space of feasible alternatives, the 
developed optimization model was used to optimize the design and construction 
decisions listed in Table 3.3 for this example-house using genetic algorithms. The 
size of the GA population and the number of generations in this example were 
specified, based on the number of its decision variables (MathWorks 2014; Reed 
et al. 2000), to be 100 and 140, respectively. 
The model was able to generate 80 Pareto optimal (i.e. non-dominated) solutions 
where each identifies a unique and optimal configuration of design and 
construction decisions. Each of the generated Pareto optimal solutions provides a 
unique and optimal tradeoff between the two-optimization objectives, as shown in 
Figure 3.3A. The generated Pareto optimal solutions cover a wide spectrum of 
tradeoffs that range from Solution Z1 that provides the best SQOL performance to 
Z81 that provides the best LCC performance, as shown in Figure 3.3A. This wide 
spectrum of optimal tradeoff solutions can also be clustered in nine discrete 
subgroups (A to I), as shown in Figure 3.3A. Each of the first eight subgroups (A 
to H) represents a cluster of optimal solutions that implements one of the 
aforementioned eight EPA recommended AQ equipment that are represented by 
decision variables d7 to d15. This explains the discrete changes in the SQOL index 
in Figure 3.3A. The last subgroup of optimal solutions (I) was obtained by changing 
the selection of neighborhood location (d17) from Lake Edge to Marquette, which 
caused a significant increase in the initial and life-cycle costs. 
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Table 3.3: Housing design and construction options 
      Decision Variables  Possible Options 
T
C
 d1: Heating set point (F) [67,68, 69, 70, 71, 72, 73, 74] 
d2: Cooling set point (F) [74, 75, 76, 77, 78, 79, 80, 81] 
d3: Relative humidity (%) [45, 50, 55, 60, 65] 
L
Q
 
d4: Window-to-wall area ratio (%) [10, 12, 15, 18, 20] 
d5: Elevation of windows (ft.) From 2.7 to 3.9 
d6:  Window types 
[Clear Glass (U-value 0.49, SHGC 0.63, VT 0.63);  
High-Solar Gain Low-E Glass (U-value 0.39, SHGC 0.53, VT 0.51);  
Medium-Solar-Gain Low-E Glass (U-value 0.27, SHGC 0.46, VT 0.41); 
Low-Solar Gain Low-E Glass (U-value 0.26, SHGC 0.31, VT 0.46)] 
A
Q
 
d7 – d15 :  Installation of EPA 
recommended AQ equipment 
[Installed or Not] 
d16: Mechanical ventilation rate 
(cfm) 
From 35 to 75 
N
Q
 
d17: Neighborhood location [Arbor Hills, Marquette, Lake Edge] 
 
The generated maximum SQOL solution of Z1 in Figure 3.3B was achieved by: (1) 
improving thermal comfort for the residents by maintaining a 70F heating set point 
for the winter season, and a 76F cooling set point for the summer season; (2) 
allowing maximum sufficient daylight exposure for the residents while avoiding 
glare discomfort by providing the wall-to-window area ratio of 15%; (3) attaining 
the highest indoor air quality index by installing all the recommended EPA air 
quality equipment in Table 1, and by providing optimal mechanical ventilation rate 
to achieve the lowest percentage of dissatisfied people of 7% from indoor air 
quality; and (4) achieving the highest neighborhood quality index (NQI = 0.90) by 
selecting the site location as Marquette. These optimal decisions led to the 
maximum SQOL performance among the generated optimal tradeoff solutions; 
however they produced the highest LCC of the house, as shown in Figure 3.3B.  
On the other end of the spectrum, the generated minimum LCC solution of Z81 in 
Figure 3.3C was achieved by: (1) decreasing the initial investment cost as a result 
of (i) not installing any of the EPA recommended AQ equipment, and (ii) selecting 
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the site location as Lake Edge which has the lowest land value compared to the 
two other options (Arbor Hills and Marquette), and (2) reducing the energy and 
utility costs by (a) setting the lowest heating set point of 67F in the winter season, 
and the highest cooling set point of 81F in the summer season, and (b) providing 
the lowest window-to-wall area ratio of 10% to prevent heat gain/loss through 
windows. Despite the cost-effectiveness of these optimal decisions, they resulted 
in a lower SQOL performance due to (1) the reduced levels of thermal comfort, 
lighting quality, indoor air quality; and (2) the selection of a housing location with a 
lower neighborhood quality index.  
A. SQOL - LCC Tradeoff Analysis 
Decision     
Variables 
 B. 
Solution 
Z1 
 C. 
Solution 
Z81 
 
d1 70 F 68 F 
d2 76 F 81 F 
d3 55% 50% 
d4 15% 10% 
d5 2.7 ft. 3.0 ft. 
d6 
High-Solar 
Gain Low-E 
Clear Glass 
 
d7 to d15 
Installed 
Not 
Installed 
d16 50 cfm 48.1 cfm 
d17 Marquette 
Lake 
Edge 
Figure 3.3: Generated Pareto optimal solutions 
The generated optimal tradeoffs by the model (see Figure 3.3A) enable decision-
makers to select an optimal housing design and construction solution that best fits 
the specific requirements of their project. Decision makers can analyze these 
generated tradeoffs in order to identify (1) the maximum social quality-of-life 
performance that can be achieved for any user-specified life-cycle cost; or (2) the 
minimum life-cycle cost that satisfies a user-defined level of social quality-of-life 
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performance. For example, if the house life-cycle cost is specified not to exceed 
$100,000, then solution Z39 provides the highest social quality-of-life performance 
that can be achieved at that level, as shown in Figure 3.3A. Similarly, if the social 
quality-of-life is specified to be at least 80%, then the minimum life-cycle cost 
required to achieve that level is $104,342 as shown in solution Z11 in Figure 3.3A.  
3.7 Summary 
A multi-objective model was developed to search for and identify optimal design 
and construction decisions for single-family housing units. The model provides the 
capability of identifying optimal tradeoffs between the two main objectives of 
maximizing the social quality-of-life (SQOL) for residents, and minimizing the life-
cycle cost (LCC) of the housing unit. The present model was developed in three 
main stages that focused on identifying the model criteria and metrics; formulating 
the model decision variables, objective functions, and constraints; and 
implementing the model using multi-objective genetic algorithms. The model was 
then used to analyze and optimize the design and construction decisions for an 
application example of a housing unit. The results of this analysis showed that 
model was able to generate a wide spectrum of Pareto optimal solutions for the 
example house, where each identifies an optimal configuration of design and 
construction decisions that provides a unique and optimal tradeoff between the 
two-optimization objectives. At one end of the generated spectrum, the maximum 
SQOL solution was achieved by improving the residents’ thermal comfort, indoor 
lighting quality, indoor air quality, and neighborhood quality. At the other end of the 
spectrum, the least LCC was accomplished by reducing the initial housing cost as 
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well its recurring energy, utility and maintenance costs. In addition to these two 
extreme solutions, the model was able to generate 79 additional optimal solutions 
that provide a wide range of varying tradeoffs between these two critical objectives. 
These new and innovative capabilities will contribute to improving the identification 
of optimal housing design and construction decisions that are capable of 
maximizing the SQOL for single-family housing residents while minimizing its LCC. 
This should prove useful to decision makers in the housing industry and should 
enhance the sustainability of single-family housing units and the social well-being 
of their residents. 
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CHAPTER 4 
4 ENVIRONMENTAL PERFORMANCE MODEL 
4.1 Introduction 
Housing units generate 18% of the total greenhouse gas emissions in the United 
States and they consume 58% of its public-supply water (EIA and DOE 2011; 
Kenny 2009; US Office of Energy Markets and EIA 1990). These negative impacts 
of housing units can be minimized by improving their overall environmental 
performance that can be achieved by integrating green building measures and 
fixtures such as geothermal heat pumps and water-efficient faucets (DOE et al. 
1998; Keoleian et al. 2000; Tuhus-Dubrow and Krarti 2010; Wang et al. 2005). The 
use of these green building measures in housing units often increase their initial 
cost, and therefore decision-makers need to carefully analyze and optimize the 
potential tradeoffs between maximizing the environmental performance of housing 
units and minimizing their initial cost. Several research studies were conducted to 
investigate and maximize the environmental performance of buildings by 
optimizing their (1) building envelope variables such as window glazing type, wall-
to-window ratio, exterior wall type, roof type, and foundation systems (Johnson et 
al. 1984; Krarti et al. 2005; Tuhus-Dubrow and Krarti 2010; Wang et al. 2005; Welle 
et al. 2011); (2) heating, ventilating and air conditioning (HVAC) systems 
(Congradac and Kulic 2009; Fong et al. 2006; Lu et al. 2005); (3) building envelope 
and HVAC systems (Bichiou and Krarti 2011; Caldas and Norford 2003); and (4) 
building envelope, HVAC systems, lighting fixtures, and appliances (Christensen 
et al. 2006; Ihm and Krarti 2012). 
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Other studies focused on developing building energy simulation models such as 
BEopt, GenOpt, and MIT Design Advisor (ASHRAE 2006; Christensen et al. 2006; 
Horowitz et al. 2008). These simulation models were developed to assist decision-
makers in analyzing building annual energy consumption and construction cost for 
optimizing building design and construction decisions. Despite the significant 
contributions of the aforementioned studies, they are incapable of (1) quantifying 
and maximizing the overall environmental performance of housing units that 
accounts for both their greenhouse gas emissions and water consumption; and (2) 
generating optimal tradeoffs between the two critical objectives of maximizing the 
environmental performance of housing units and minimizing their initial cost. To 
address this research gap, this Chapter presents the development of a novel multi-
objective optimization model for single-family housing units that represent the 66% 
of the residential units in the US (US Census 2000). The model is capable of 
optimizing single-family housing design and construction decisions and generating 
optimal tradeoffs between maximizing the overall environmental performance of 
single-family housing units and minimizing their initial costs. 
4.2 Objective 
The objective of this Chapter is to develop a new multi-objective optimization 
model that is capable of optimizing single-family housing design and construction 
decisions in order to maximize their environmental performance (ENV) while 
minimizing their initial costs (IC). The model is developed in three main phases: 
(1) model formulation phase that identifies and incorporates all relevant metrics, 
decision variables, objective functions, and model constraints; (2) model 
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implementation phase that implements the model using multi-objective genetic 
algorithms; and (3) performance evaluation phase that evaluates and improves the 
performance of the developed model. The following sections of the Chapter 
provide a brief description of these three phases of the model development. 
4.3 Model Formulation  
The present model is formulated in four main steps: (1) identifying all relevant 
metrics; (2) defining the model decision variables; (3) formulating the optimization 
objective functions; and (4) identifying the model constraints.  
4.3.1 Metrics  
The present model incorporates all relevant metrics to evaluate and quantify the 
impact of single-family housing design and construction decisions on the two 
optimization objectives of the model that focus on maximizing housing 
environmental performance (ENV) and minimizing its initial cost (IC). These 
metrics were identified for housing units based on the findings of a comprehensive 
analysis of related studies and metrics that are summarized in Table 4.1. 
Table 4.1: Model metrics 
Objectives Metrics Definitions 
1. Maximizing 
Environmental 
Performance 
(ENV) 
1.1 Greenhouse 
Gas Emissions 
(GHG) 
Total amount of greenhouse gas emissions  
(i.e. CO2, CH4, and N2O) caused by energy 
consumption of the housing unit and expressed in CO2 
equivalent emissions (Dorer and Weber 2009; Wu et al. 
2009) 
1.2 Water 
consumption 
(WC) 
Total amount of indoor water consumption of the 
housing unit (Wetter et al. 2001) 
2. Minimizing 
Initial Cost (IC) 
2.1. Initial Cost 
(IC) 
Initial Investment Cost 
(Fuller et al. 1996; Rushing et al. 2010) 
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4.3.2 Decision Variables 
The present model incorporates all relevant decision variables that have an impact 
on the aforementioned optimization objectives and metrics. As shown in Table 4.2, 
the decision variables in this model are organized in two main categories: (1) 
greenhouse gas emissions variables; and (2) water consumption variables. The 
first category incorporates all the decision variables that affect the generation of 
greenhouse gas emissions, including (i) HVAC, which represents the selection of 
an HVAC system from a set of feasible alternatives; (ii) building envelope, which 
represents the decision variables for designing the outer shell of the housing unit; 
(iii) water heating, which represents the selection of residential water heating 
system for typical domestic uses of hot water; (iv) lighting fixtures, which represent 
the total number of light bulbs used in the housing unit; and (v) appliances, which 
represents the selection of major housing appliances such refrigerators and 
dishwashers from a set of feasible alternatives. The second category incorporates 
all the decision variables that affect water consumption: (vi) water fixtures, which 
represents the selection of water and plumbing fixtures such as kitchen faucets 
and showerheads from a set of feasible alternatives. It should be noted that a 
number of the decision variables in the first category of greenhouse gas (GHG) 
emissions have an impact on the second category of water consumption (WC) 
such as the clothes washer and dishwasher, as shown in Table 4.2. 
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Table 4.2: Decision variables 
Metrics Decision Variables 
1.1 Greenhouse Gas 
Emission (GHG) 
 
i. HVAC: 
d1:  Heating/Cooling system 
ii. Building Envelope: 
d2:  Window glazing type 
d3:  Exterior wall type 
d4:  Roof/Ceiling insulation 
d5:  Foundation insulation 
iii. Water Heating: 
 d6: Water heater 
iv. Lighting Fixtures: 
d7:  Number of compact fluorescent lighting systems (CFLs) 
d8:  Number of light-emitting diodes (LEDs) 
v. Appliances: 
d9: Cooking range 
d10: Refrigerator  
d11: Clothes dryer 
d12: Clothes washer* 
d13: Dishwasher* 
1.2 Water 
Consumption (WC) 
vi.   Water Fixtures: 
d14: Toilet flush type 
d15: Bathroom sink faucets type 
d16: Kitchen sink faucets type 
d17: Showerheads type 
* Decision variables have impact on both greenhouse gas emissions and water consumption of the housing 
unit. 
Each of the aforementioned decision variables represents a selection from a set 
of feasible alternatives that covers possible design and/or construction decisions 
that have an impact on the two aforementioned metrics of environmental 
performance (ENV) and initial cost (IC), as shown in Figure 4.1. 
 
Figure 4.1: Sets of feasible alternatives for decision variables 
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4.3.3 Objective Functions 
The optimization model is developed to generate optimal tradeoffs between two 
objectives: (1) maximizing environmental performance of single-family housing 
units; and (2) minimizing their initial cost.  
4.3.3.1 Maximizing Environmental Performance (ENV) 
The first objective function in the model is formulated to maximize housing 
environmental performance, where ‘0’ represents the worst and ‘1’ represents the 
best performance, as shown in Equation 4.1. In this objective function, an overall 
environmental performance index (ENV) is calculated to represent the collective 
performance of the housing unit in the identified two metrics in Table 4.2 of 
greenhouse gas emission (GHG) and water consumption (WC).  
Maximize ENV =    1 2w GHI w WCI                                                 (4.1) 
Where, GHI is greenhouse gas emission index which represents the normalized 
performance of greenhouse gas emission metric (GHG) that is calculated using 
Equation 4.2 (see Figure 4.2); WCI is water consumption index which represents 
the normalized performance of water consumption (WC) and is calculated using 
Equation 4.3; each index (i.e. GHI and WCI) ranges from ‘0’ representing the worst 
possible performance to ‘1’ representing the best possible performance; and 𝑤𝑖 is 
the importance weight for each metric, where 𝑤𝑖 > 0 
and ∑ 𝑤𝑖 = 1
2
𝑖=1 . 
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Figure 4.2: Greenhouse Emission Index GHI calculation 
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                                              (4.2) 
Where, h(𝑑1, 𝑑2, … , 𝑑13) is a function that uses EnergyPlus to calculate the total 
amount of greenhouse gas emissions (i.e. CO2, CH4, and N2O) caused by energy 
consumption of the housing unit based on the selected values for each of the 
house decision variables (𝑑1 to 𝑑13); ℎ
−(𝑑1, 𝑑2, … , 𝑑13) and ℎ
+(𝑑1, 𝑑2, … , 𝑑13) are 
the worst and best values for GHG. 
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g d d d g d d d
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
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                                          (4.3) 
Where, g(𝑑12, 𝑑13, … , 𝑑17) is a function that uses EnergyPlus to calculate the total 
amount of water consumption based on the selected values for each of the house 
decision variables of 𝑑12 (i.e. clothes washer), 𝑑13 (i.e. dishwasher), 𝑑14 (i.e. toilet 
type), 𝑑15 (i.e. bathroom faucet type), 𝑑16 (i.e. kitchen faucet type), and 𝑑17 (i.e. 
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showerheads type); 𝑔−(𝑑12, 𝑑13, … , 𝑑17) and 𝑔
+(𝑑12, 𝑑13, … , 𝑑17) are the worst and 
best values for WC. 
4.3.3.2 Minimizing Initial Cost (IC) 
The second objective function in the model is designed to calculate and minimize 
the initial cost (IC) of single-family housing units, as shown in Equation 4.4.  
Minimize IC = 1 2 17( , , , )C d d d                                                                      (4.4) 
Where, 𝐶(𝑑1, 𝑑2, … , 𝑑17) is a function to calculate the initial cost (IC) of the 
systems/components of the housing unit that are represented by decision variables 
(𝑑1 to 𝑑17). 
4.3.4 Model Constraints 
This present model is designed to comply with all practical constraints including: 
(1) the types of decision variables from d1 to d17 in Table 4.2 are all discrete integer 
numbers, as shown in Equation 4.5; (2) the summation of d8 (number of CFLs) and 
d9 (number of LEDs) should be equal to the total number of housing lighting fixtures 
(L) defined by the decision-maker, as shown in Equation 4.6; (3) the mechanical 
ventilation rate (𝑄𝑓𝑎𝑛) of the housing unit should comply with the ASHRAE 62.2 
(2011) standard, as shown in Equation 4.7; and (4) the local ventilation exhaust 
airflow rates should comply with the ASHRAE 62.2 standard (2011) which requires 
them to be 100 cfm for kitchen exhaust fan and 50 cfm for bathroom exhaust fans.
integer, 1,2,..,17jd j                                                                              (4.5) 
7 8d d L                                                                                                        (4.6) 
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                                                                (4.7) 
Where, 𝐴𝑓𝑙𝑜𝑜𝑟 is the total floor area (ft
2) of the housing unit; and 𝑁𝑏𝑟 is the number 
of bedrooms of the housing unit, where 𝑁𝑏𝑟 ≥ 1. 
4.4 Model Implementation 
The model was implemented as a multi-objective genetic algorithm GA due to its 
capability in generating optimal tradeoffs among multiple and often conflicting 
building optimization objectives (Caldas and Norford 2003; Magnier and Haghighat 
2010; Tuhus-Dubrow and Krarti 2010; Wang et al. 2005). The model was 
implemented using MATLAB 2012a and was coupled with a whole-building energy 
simulation program EnergyPlus (2011) in order to calculate the impact of housing 
design and operation decisions on the aforementioned objectives. The 
computational model was accomplished in four main stages, as shown in Figure 
4.3: (1) data input stage which requires the input of all relevant data such as 
weights for each ENV metric, model constraints, and data set files that include all 
pre-defined housing features; (2) initialization stage where the GA search process 
is initialized to calculate the criteria and metrics of each objective function and 
select the fittest solutions; (3) multi-objective optimization stage that reads pre-
defined data set files, automatically executes the external building energy 
simulation program of EnergyPlus, and then generates optimal tradeoffs between 
the two objectives of maximizing the environmental performance and minimizing 
the initial cost of single-family housing units; and (4) data output stage that 
presents the tradeoff analysis solution for decision-makers to enable them to 
0.01 7.5 ( 1)fan floor brQ A N    
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analyze and select optimal configurations of single-family housing design and 
construction decisions.  
 
Figure 4.3: Model implementation 
4.5 Performance Evaluation 
An application example was analyzed to evaluate the present model and 
demonstrate its capabilities in generating optimal tradeoffs between maximizing 
the environmental performance (ENV) and minimizing the initial cost (IC) of single-
family housing units. The housing unit example was selected as B10 Benchmark 
which represents a reference house that is built based on the 2009 International 
Energy Conservation Code, the 2010 Federal appliance standards, and the 2010 
lighting characteristics and miscellaneous electric loads (Hendron et al. 2010). The 
relative importance weights (𝑤𝑖) of the two ENV metrics of greenhouse gas 
emissions and water consumption were assigned as 0.60 and 0.40, respectively. 
It should be noted that the model provides the capability and flexibility to consider 
varying user-specified weights to represent the relative importance of these two 
metrics that can vary from one decision-maker to another. The housing unit was 
assumed to be located in Chicago, IL with a service life of 50 years. Thermal 
operation control of the housing unit was assumed to be set at 72F for HVAC 
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system during heating seasons, 76F during cooling seasons, and 60% indoor 
relative humidity which is recommended by EPA (2013). The total number of 
lighting fixtures (L) in the housing unit was assumed to be 30 which is the average 
number of home lighting fixtures in the US as reported by Energy Star (2012).  
The present model integrates 13 decision variables that have an impact on the 
greenhouse gas emissions (GHG), and 4 decision variables that affect the water 
consumption (WC) of the housing unit, as shown in Table 4.2. Each of these 
decision variables has a set of feasible alternatives, as shown in Table 4.3 and 
Table 4.4. This set of feasible alternatives creates a wide search space that 
includes 23.5 million possible combinations of design and construction decisions 
for this housing unit example. Each of these 47 million possible combinations of 
housing design and construction decisions can have a unique impact on the 
environmental performance and initial cost of the housing unit. This creates a 
significant challenge for decision-makers who are trying to identify an optimal set 
of housing design and construction decisions that maximize the environmental 
performance of the housing unit while minimizing its initial cost. In order to 
overcome this challenge, the present model was used to efficiently and effectively 
search this large space and identify an optimal set of housing design and 
construction decisions. The population size and the number of generations in this 
application example were specified based on the number of its decision variables 
(MathWorks 2014; Reed et al. 2000), to be 140 and 200, respectively. 
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The model was able to generate 103 Pareto optimal (non-dominated) solutions, 
where each provides a unique and optimal configuration of design and construction 
decisions, and an optimal tradeoff between the two objectives of the model, as 
shown in Figure 4.4. These Pareto optimal solutions range from solution E1 that 
provides the maximum environmental performance of 0.81 and its associated 
highest initial cost of $61,784 to solution E103 that provides the minimum initial 
cost of $40,951 its associated lowest environmental performance of 0.23. This 
wide range of Pareto optimal solutions enable decision-makers to choose design 
and construction decisions that best fits their specific demands. It should be noted 
that the aforementioned initial costs cover only the systems/components of the 
housing unit that are represented by decision variables (𝑑1 to 𝑑17). 
To illustrate the capabilities of the developed model, three representative solutions 
from the generated 103 Pareto optimal solutions are analyzed in more detail, as 
shown in Figure 4. These example three solutions provide the highest 
environmental performance (E1), the lowest initial cost (E103), and an 
intermediate tradeoff solution (E53), as shown in Figure 4 and Table 4.5. On one 
extreme of the generated tradeoff solutions, solution E1 was able to achieve the 
highest environmental performance (ENV = 0.81). This was achieved by solution 
E1 due to its optimal selection of the following design and construction decisions 
for the housing example: (1) the most energy efficient heating/cooling system of 
ground source heat pump, and water heating system of propane gas fired water 
heater; (2) building envelope systems that provides the highest insulation through 
window glazing type of medium-solar gain low-E glass (U-value = 0.27 and SHGC 
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= 0.46), ceiling insulation of R60 fiberglass batts, and whole slab insulation of R30 
fiberglass batts; (3) the most energy efficient appliances such as EnergyStar 
cooking range, refrigerator, clothes dryer, clothes washer, and dishwasher; and (4) 
the most water efficient fixtures such as WaterSense EPA certified toilet flush, 
bathroom sink faucet, kitchen sink faucet, and showerhead. These optimal housing 
decisions of solution E1 produced the maximum environmental performance 
among the generated optimal tradeoff solutions; however they produced the 
highest initial cost for the housing example, as shown in Table 5. 
On the other extreme of the generated tradeoff solutions, solution E103 was able 
to achieve the minimum initial cost (IC = $40,951) for the housing unit because of 
its selection of least costly options such as heating/cooling system of Central A/C 
(SEER 14, 1 stage speed), window glazing type of clear glass (U-value = 0.49), 
ceiling insulation of R38 fiberglass batts, whole slab insulation of R10 fiberglass 
batts, electric water heater, appliances without EnergyStar certification, and water 
plumbing fixtures without WaterSense EPA certification. Although these optimal 
housing decisions of solution E103 produced the least initial cost for the housing 
unit, they resulted in its minimum overall environmental performance (ENV = 0.23), 
as shown in Table 5. 
In addition to the two aforementioned extreme solutions of E1 and E103, the 
optimization model was able to generate 101 other tradeoff solutions including 
solution E53, as shown in Figure 4. Solution E53 generates an environmental 
performance of 0.70 which is lower than that of solution E1 that has a performance 
of 0.81, however it provides a less initial cost than that of E1. This was achieved 
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by solution E53 due to its selection of less costly and less energy efficient options 
than those selected in solution E1 such as the heating/cooling system of central 
A/C (SEER 17, 2 stage speed), window glazing type of high-solar gain low-E glass 
(U-value = 0.39), ceiling insulation of R49 fiberglass batts, whole slab insulation of 
R20 fiberglass batts, natural gas fired water heater, and 16 CFL and 14 LED 
lighting fixtures. This illustrates the capability of the developed optimization model 
in generating a wide range of optimal tradeoff solutions, where each provides a 
unique and optimal tradeoff between the environmental performance of housing 
units and their initial cost, as shown in Figure 4. This enables decision-makers to 
generate and analyze these optimal tradeoffs and accordingly identify an optimal 
set of housing design and construction decisions that maximizes the environmental 
performance of the housing unit while complying with any specified limit on its initial 
cost.  
Table 4.3: Possible options for decision variables of greenhouse gas emission 
metric 
Decision Variables Possible Options 
d1:  Heating/Cooling 
system 
𝑑1
1: Central A/C (SEER 14, 1 stage speed)* 
𝑑1
2: Central A/C (SEER 15, 1 stage speed)* 
𝑑1
3: Central A/C (SEER 16, 2 stage speed)* 
𝑑1
4: Central A/C (SEER 17, 2 stage speed)* 
𝑑1
5: Central A/C (SEER 18, 2 stage speed)*  
𝑑1
6: Central A/C (SEER 21, 2 stage speed)*  
𝑑1
7: Air Source Heat Pump (SEER 22 10 HSPF Var. Speed) 
𝑑1
8: Ground Source Heat Pump (EER 20.2, COP 4.2) 
d2:  Window glazing 
type 
𝑑2
1: Clear Glass (U-value 0.49, SHGC 0.63, VT 0.63) 
𝑑2
2: High-Solar Gain Low-E Glass (U-value 0.39, SHGC 0.53, VT 0.51) 
  𝑑2
3: Medium-Solar-Gain Low-E Glass (U-value 0.27, SHGC 0.46, VT 0.41) 
𝑑2
4: Low-Solar Gain Low-E Glass (U-value 0.26, SHGC 0.31, VT 0.46) 
d3:  Exterior wall type 
𝑑3
1: ICF (R11) Steel Ties, 3/4in concrete stucco, Foam Shells 
𝑑3
2: 2x6 Wood Stud, R19 fiberglass batts 
d4:  Roof/Ceiling 
insulation 
𝑑4
1: Ceiling R38 fiberglass batts 
𝑑4
2: Roof R49 Closed Cell Spray Foam 
 𝑑4
3: Roof 47.5 SIP 
𝑑4
4: Ceiling R49 fiberglass batts 
𝑑4
5: Ceiling R60 fiberglass batts 
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Table 4.3 cont.: Possible options for decision variables of greenhouse gas 
emission metric 
Decision Variables Possible Options 
d5: Foundation 
insulation 
𝑑5
1: Whole Slab Insulation R10 
𝑑5
2: Whole Slab R20 
𝑑5
3: Whole Slab R30 
d6: Water heater  
𝑑6
1: Electric Water Heater 
𝑑6
2: Natural Gas Fired Water Heater 
  𝑑6
3: Oil Fired Water Heater 
  𝑑6
4: Propane Gas Fired Water Heater 
d7: Number of CFLs From 𝑑7
1 = 1 to 𝑑7
30 = 30 
d8: Number of LEDs From 𝑑8
1 = 1 to 𝑑8
30 = 30 
d9: Cooking range 
𝑑9
1: Type1 244 kWh/yr 
𝑑9
2: Type2 182 kWh/yr (EnergyStar certified) 
d10: Refrigerator  
𝑑10
1 : Type1 438 kWh/yr 
𝑑10
2 : Type2 383 kWh/yr (EnergyStar certified)  
d11: Clothes dryer 
𝑑11
1 : Type1 282 kWh/yr 
𝑑11
2 : Type2 97 kWh/yr (EnergyStar certified) 
d12: Clothes washer 
𝑑12
1 : Type1 MEF 2.0; WF 6.0 
  𝑑12
2 : Type2 MEF 3.0; WF 2.7 (EnergyStar certified) 
d13: Dishwasher 
𝑑13
1 : Type1 318 kWh/yr; 2.7 gallon/cycle 
  𝑑13
2 : Type2 180 kWh/yr; 2.22 gallon/cycle (EnergyStar certified) 
 
Table 4.4: Possible options for decisions variables of water consumption metric 
Decision Variables Possible Options 
d14: Toilet flush type 
𝑑14
1 : Type1 1.6 GPF*  
𝑑14
2 : Type2 1.28 GPF(WaterSense EPA Certified) 
d15: Bathroom sink faucets type 
𝑑15
1 : Type1 2.2 GPM** 
𝑑15
2 : Type2 1.5 GPM (WaterSense EPA Certified) 
d16: Kitchen sink faucets type 
𝑑16
1 : Type1 2.2 GPM 
𝑑16
2 : Type2 1.8 GPM (WaterSense EPA Certified) 
d17: Showerheads type 
𝑑17
1 : Type1 2.5 GPM 
𝑑17
2 : Type2 1.75 GPM (WaterSense EPA Certified) 
*GPF = Water Consumption in Gallon per Flush 
** GMP = Water Consumption in Gallon per Minute 
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Figure 4.4: Pareto optimal tradeoff analysis 
Table 4.5: Sample of Pareto optimal solutions 
Solution Optimal Solutions ENV IC 
E1 {𝑑1
8, 𝑑2
3, 𝑑3
2, 𝑑4
5, 𝑑5
3, 𝑑6
4, 𝑑7
7, 𝑑8
23, 𝑑9
2, 𝑑10
2 , 𝑑11
2 , 𝑑12
2 , 𝑑13
2 , 𝑑14
2 , 𝑑15
2 , 𝑑16
2 , 𝑑17
2 } 0.81 $61,784 
E53 {𝑑1
4, 𝑑2
2, 𝑑3
2, 𝑑4
4, 𝑑5
2, 𝑑6
2, 𝑑7
16, 𝑑8
14, 𝑑9
2, 𝑑10
1 , 𝑑11
1 , 𝑑12
2 , 𝑑13
2 , 𝑑14
1 , 𝑑15
2 , 𝑑16
2 , 𝑑17
2 } 0.70 $45,980 
E103 {𝑑1
1, 𝑑2
1, 𝑑3
2, 𝑑4
1, 𝑑5
1, 𝑑6
1, 𝑑7
23, 𝑑8
7, 𝑑9
1, 𝑑10
1 , 𝑑11
1 , 𝑑12
1 , 𝑑13
1 , 𝑑14
1 , 𝑑15
1 , 𝑑16
1 , 𝑑17
1 } 0.23 $40,951 
4.6 Summary  
This Chapter presented the development of a novel multi-objective optimization 
model for optimizing the design and construction of single-family housing units that 
is capable of generating optimal tradeoffs between maximizing the environmental 
performance of housing units and minimizing their initial costs. The model was 
developed in three main steps: (1) model formulation step that identified and 
incorporated all relevant metrics, decision variables, objective functions, and 
model constraints; (2) model implementation step that implemented the model 
using multi-objective genetic algorithms to enable the generation of optimal 
tradeoffs between the two objectives of the model; and (3) performance evaluation 
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step that analyzed an application example to illustrate the practical capabilities of 
the model as well as evaluate and improve its performance. The results of the 
performance evaluation showed that the model is capable of generating a wide 
range of Pareto optimal solutions, where each identifies an optimal configuration 
of design and construction decisions that provides an optimal tradeoff between the 
two objectives of the model. The model was able to generate 103 optimal solutions 
that ranged from one extreme solution that provided the maximum environmental 
performance and highest initial cost to an opposite extreme solution that produced 
the lowest initial cost and lowest environmental performance. This enables 
decision-makers to generate and analyze these optimal tradeoffs and identify an 
optimal set of housing design and construction decisions that maximizes the 
environmental performance of the housing unit while complying with any specified 
limit on its initial cost. The primary contributions of this research to the body of 
knowledge include its comprehensive set of metrics and novel methodology that 
can be used to measure and quantify the impact of the design and construction 
decisions of housing units on their environmental performance including 
greenhouse gas emissions and water consumption; and its novel multi-objective 
optimization methodology that is capable of generating optimal tradeoffs between 
the environmental performance of housing units and their initial cost. 
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CHAPTER 5 
5 SUSTAINABILITY MODEL 
5.1 Introduction 
The overall sustainability of housing units can be maximized by optimizing their 
environmental, social, and economic performances (USGBC 2007). This can be 
achieved by integrating a number of green building equipment and systems in the 
design and construction of housing units such as geothermal heat pumps and 
water-efficient faucets. While the use of these green measures can improve the 
environmental and/or social performances of housing units, they often lead to an 
increase in the initial cost of housing units and their life cycle cost. Accordingly, 
decision makers in the housing industry need to optimize housing design and 
construction decisions in order to strike an optimal balance among the conflicting 
objectives of maximizing hosuing environmental performance, maxizming social 
quality of life for its residents, and minimizing its life cycle cost. 
A number of research studies were conducted to investigate and improve the 
environmental, social, and economic performances of residential buildings. These 
studies focused on: (a) environmental performance of building design and 
construction (Allen 2002; Andersson et al. 1985; Cole 1999a; Cole 1999b; Kibert 
2005); (b) cost-effective and energy efficient building envelopes (DOE et al. 1998; 
Keoleian et al. 2000; Tuhus-Dubrow and Krarti 2010; Wang et al. 2005); (c) 
improved thermal comfort and indoor air quality for the residents (DOE 2011; 
Magnier and Haghighat 2010; Peeters et al. 2009; Synnefa et al. 2007; The Board 
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of Regents of the University of Wisconsin 2013); and (d) building energy 
optimization models (ASHRAE 2006; Morrissey et al. 2011; Rakha and Nassar 
2011; Wang et al. 2006; Yi and Malkawi 2009).  
Despite the significant contributions of the aforementioned studies, there is little or 
no reported research that focused on optimizing housing design and construction 
decisions in order to generate optimal tradeoffs among the environmental 
performance, social quality of life, and life-cycle cost of housing units. To address 
this critical research gap, this chapter focus on developing a sustainability model 
for single-family housing units that represents 66% of the residential housing 
inventory in the US (US Census 2000).  
5.2 Objective 
The objective of this chapter is to develop a novel multi-objective optimization 
model that is capable of simultaneously maximizing the environmental 
performance (ENV) of single-family housing units, maximizing the social quality of 
life (SQOL) for their residents, and minimizing their life-cycle cost (LCC). The 
model is developed in the three stages: (1) model formulation stage that identifies 
all relevant criteria, metrics, decision variables, objective functions, and 
constraints; (2) model implementation stage that performs the optimization 
computations using multi-objective genetic algorithms, and (3) model evaluation 
stage that analyzes and refines the performance of the developed model using a 
single-family housing unit application example. The following sections of the 
chapter provide a brief description of these three phases of the model 
development. 
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5.3 Model Formulation 
This stage of model development is formulated in four steps: (1) identifying all 
model criteria and their relevant metrics; (2) defining the model decision variables; 
(3) formulating the optimization of objective functions; and (4) identifying model 
constraints.  
5.3.1 Model Criteria and Metrics 
This section presents the development of a comprehensive and practical set of 
sustainability criteria and metrics in order to quantify and evaluate the impact of 
single-family housing design and construction decisions on the three objectives of 
the model. This was accomplished in two steps that focused on (1) identifying all 
related criteria and metrics that were reported in the latest research studies on 
housing environmental performance (ENV), social quality of life (SQOL), and life-
cycle cost (LCC); and (2) developing a comprehensive and practical set of criteria 
and metrics that ensures that each of the selected metrics is simple, measurable 
using a quantitative value or a qualitative expression, independent of other metrics, 
and can be easily understood and evaluated by decision-makers, as shown Table 
5.1. 
Table 5.1: Model metrics, criteria and metrics 
Objectives Criteria Metrics 
Research 
Studies 
 1. 
Environmental 
Performance 
(ENV) 
1.1 Carbon 
Footprint 
Index (CFI) 
 cf1: Total amount of greenhouse gas 
(GHG) emissions (i.e. CO2, CH4, and 
N2O) caused by energy consumption of 
the housing unit and expressed in CO2 
equivalent emissions  
(Dorer and Weber 2009; 
Wu et al. 2009) 
1.2 Water 
Usage Index 
(WTI) 
 wt1:Total amount of housing water 
consumption  
(Wetter et al. 2001) 
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Table 5.1 cont.: Model metrics, criteria and metrics 
Objectives Criteria Metrics 
Research 
Studies 
2. Social 
Quality of 
life (SQOL) 
2.1 Thermal 
Comfort Index 
(TCI) 
 tc1: Predicted percentage of dissatisfied 
(PPD) index  
(Fanger 1972) 
2.2 Indoor 
Lighting Quality 
Index (LQI) 
 lq1: Annual average daylighting 
illuminance level  
(Li et al. 1999) 
 lq2: Total hours exceeding glare comfort 
level in a year in hours 
(Birdsall et al. 1990; 
Winkelmann and 
Selkowitz 1985) 
2.3 Indoor Air 
Quality Index 
(AQI) 
 aq1: Points achieved by performing the 
EPA recommended air quality control 
decisions  
(EPA 2013) 
 aq2: Percentage of dissatisfied people (PD) 
from indoor air quality  
         caused by ventilation rate 
(ASHRAE 2011; Fanger 
1988) 
2.4 
Neighborhood 
Quality Index 
(NQI) 
 
 nq1: Education  Level 
 nq2: Safety Level 
 nq3: Health Conditions 
  nq4: Level of Service and Amenities   
 nq5: Economic Conditions  
 nq6: Environmental  Conditions  
(Applied Population 
Laboratory et al. 2012; 
Central Texas 2009; City of 
Santa Monica et al. 2003; 
Meter and Crossroads 
Resource Center 1999; 
Sustainable San Mateo 
County 2012) 
3. Life-Cycle 
Cost (LCC) 
3.1 Life- 
Cycle Cost   
(LCC) 
 lc1:  Initial Investment Cost 
 lc2:  Operation and Maintenance Costs 
 lc3:  Energy and Utility Costs 
 lc4:  Capital Replacement Cost 
 lc5:  Residual Value  
(Fuller et al. 1996; Rushing 
et al. 2010) 
 
5.3.2 Decision Variables  
The model incorporates a total of thirty three decision variables, as shown in Table 
5.2. Each of these decision variables represents a possible selection from a set of 
feasible alternatives, as shown in Figure 5.1. The identified list of decision 
variables represents housing design and construction decisions that have an 
impact on the aforementioned three objectives of the model and their metrics, and 
it covers the possible selections of the HVAC system, building envelope, lighting 
fixtures, appliances, water fixtures, occupant control, EPA recommended air 
quality control, mechanical ventilation rate, and neighborhood quality as shown in 
Table 5.2.  
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Table 5.2: Model decision variables 
Housing Design and 
Construction Decisions 
Decision Variables 
HVAC System d1:  Heating/Cooling system 
Building Envelope 
 
d2:  Window glazing type 
d3:  Window-to-wall area ratio 
d4:  Elevation of windows 
d5:  Exterior wall type 
d6:  Roof/Ceiling insulation 
d7:  Foundation insulation 
Water Heating System d8:  Water heater 
Lighting Fixtures 
d9:  Number of light-emitting diodes (LEDs) 
d10: Number of compact fluorescent lighting systems (CFLs) 
Appliances 
d11: Cooking range 
d12: Refrigerator 
d13: Clothes dryer 
d14: Clothes washer 
d15: Dishwasher 
Water Fixtures 
d16: Toilet flush type 
d17: Bathroom faucets type 
d18: Kitchen faucets type 
d19: Showerheads type 
Occupant Control 
d20: Heating set point 
d21: Cooling set point 
d22: Relative humidity rate 
EPA Recommended 
Air Quality Control 
d23: Corrosion-proof of rodent/bird screens at all openings that cannot be fully 
sealed for pest control 
d24: Radon fan in the attic  if the housing unit is located in  EPA Radon Zone 1 
d25: Radon pipe if housing unit is located in EPA Radon Zone1 
d26: Sump pump if the home does not have slab-on-grade foundation 
d27: CO alarms in each bedroom and the attached garage 
d28: Exhaust fan which has a min. installed cap of 70 cfm with automatic fan  
       control if there is an attached garage 
d29: Dehumidifier and setting maximum relative humidity at 60% if the 
housing unit is in the warm-humid climate 
d30: MERV8/higher filters for HVAC 
d31: Exhaust fan in each bathroom and kitchen to meet ASHRAE 62.2 
standards 
Mechanical Ventilation 
Rate 
d32: Specified overall mechanical whole-house ventilation rate 
Neighborhood Quality d33: Location of the housing unit and its neighborhood 
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Figure 5.1: Decision variables 
5.3.3 Objective Functions 
The present model integrates three objective functions to maximize the 
environmental performance of single-family housing units, maximize the social 
quality of life for their residents, and minimize their life-cycle cost. 
5.3.3.1 Maximizing Environmental Performance 
The first objective function in the model (see Equation 1) is designed to quantify 
and maximize the environmental performance of a single-family housing unit that 
represents the collective performance of the housing unit in the identified two 
environmental performance criteria: carbon footprint index (CFI), and water usage 
index (WTI). The value of this objective function ranges from ‘0’ to ‘1’ to represent 
the worst and the best environmental performance, respectively (see Equation 
5.1).  Similarly, the values of the two indices in the objective function (CFI and WTI) 
range from ‘0’ to ‘1’ to represent the worst and best possible performance, 
respectively. The following sections describe the computations of each of these 
two criteria. 
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Max Environmental Performance (ENV) =    1 2w CFI w WTI            (5.1) 
Where, CFI is carbon footprint index that represents the normalized performance 
of the total amount of greenhouse gas emissions caused by energy consumption 
of the housing unit; WTI is water usage index that represents the normalized 
performance of the total amount of water usage based; and 𝑤𝑥 is the importance 
weight for each criterion, where 𝑤𝑥 > 0 
and ∑ 𝑤𝑥 = 1
2
𝑥=1 . The CFI metric of 
greenhouse gas emission and the WTI metric of water usage are both calculated 
using an external energy analysis and thermal load simulation algorithm (e.g., 
EnergyPlus), as shown in Figure 5.2. The calculation of each of these two criteria 
(CFI and WTI) depends on a unique set of housing decision variables, as shown 
in Table 5.3. 
Table 5.3: Decision variables that affect the calculation of the model criteria and 
metrics 
Criteria Metrics Decision Variables 
1.1 Carbon Footprint Index 
(CFI) 
 cf1: Amount of GHG Emissions  
𝑑1 to 𝑑15, and 
𝑑20, 𝑑21, 𝑑22, 𝑑28,𝑑29, 𝑑31,𝑑32 
1.2 Water Usage Index 
(WTI) 
 wt1: Amount of Water Consumption  𝑑16, 𝑑17, 𝑑18, 𝑑19 
2.1 Thermal Comfort Index 
(TCI) 
 tc1: Percentage of Dissatisfied Index  𝑑20, 𝑑21, 𝑑22 
2.2 Indoor Lighting Quality 
Index (LQI) 
 lq1: Average Daylighting Illuminance 
Level  
 lq2: Hours Exceeding Glare Comfort 
Level 
𝑑2, 𝑑3, 𝑑4 
2.3 Indoor Air Quality 
Index (AQI) 
 aq1: Points by the Air Quality Control 
Decisions  𝑑23 to 𝑑31 
 aq2: PD from Indoor Air Quality  𝑑32 
2.4 Neighborhood Quality 
Index (NQI) 
 
 nq1: Education  Level 
 nq2: Safety Level 
 nq3: Health Conditions 
  nq4: Level of Service and Amenities   
 nq5: Economic Conditions  
 nq6: Environmental  Conditions  
𝑑33 
3.1 Life-Cycle Cost  (LCC) 
 lc1:  Initial Investment Cost 
 lc2:  Operation and Maintenance Costs 
 lc3:  Energy and Utility Costs 
 lc4:  Capital Replacement Cost 
 lc5:  Residual Value  
𝑑1 to 𝑑33 
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5.3.3.2 Maximizing Social Quality of life  
The second objective function in the model (see Equation 5.2) is designed to 
quantify and maximize the social quality of life for housing residents that represents 
the collective performance of the housing unit in each of the aforementioned four 
social quality of life criteria: thermal comfort index (TCI), indoor lighting quality 
index (LQI), indoor air quality index (AQI), and neighborhood quality index (NQI). 
The value of this objective function ranges from ‘0’ to ‘1’, where ‘0’ represents the 
worst and ‘1’ represents the best social quality of life performance. Similarly, the 
values of the four criteria in this objective function (TCI, LQI, AQI, and NQI) range 
from ‘0’ to ‘1’, which represents the worst and best possible performance, 
respectively. The following sections describe the computations of each of these 
four criteria.  
Max Social Quality of Life (SQOL) =        1 2 3 4w TCI w LQI w AQI w NQI          
(5.2)                                  
Where, TCI is the thermal comfort index that represents the normalized 
performance of the predicted percentage of dissatisfied index; LQI is the indoor 
lighting quality index that integrates the normalized performance of two metrics of 
the annual average daylighting illuminance level, and hours exceeding glare 
comfort level in a year; AQI is the indoor air quality index that integrates the 
normalized performance of two metrics of the number of points that can be earned 
by performing each of the EPA recommended air quality control decisions, and the 
percentage of dissatisfied people (PD) from indoor air quality caused by indoor 
ventilation rate; NQI neighborhood quality index that integrates the normalized 
performance of six neighborhood quality metrics of education level, safety level, 
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health conditions, service and amenities, economic conditions, and  environmental 
conditions; and 𝑤𝑦 is the importance weight of each criterion where 𝑤𝑦 > 0 
and ∑ 𝑤𝑦 = 1
4
𝑦=1 . The calculation of each of the aforementioned four criteria (TCI, 
LQI, IAQ, and NQI) depends on a unique set of housing decision variables, as 
shown in Table 5.3. It should be noted that the thermal comfort metric of 𝑡𝑐1, and 
the lighting quality metrics of 𝑙𝑞1 and 𝑙𝑞2 are calculated using an external energy 
analysis and thermal load simulation algorithms, as shown in Figure 5.2. 
5.3.3.3   Minimizing Life-Cycle Cost  
The third objective function in the model calculates and minimizes the life-cycle 
cost of single-family housing units, as shown in Equation 5.3.  
Min Life Cycle Cost (LCC) = 1 2 33( , , , , )C d d d V                                     (5.3) 
Where, 𝐶(𝑑1, 𝑑2, … , 𝑑33, 𝑉) is a function to calculate the life-cycle cost of the house 
including all its metrics (𝑙𝑐1:initial investment cost, 𝑙𝑐2:operation and maintenance 
costs, 𝑙𝑐3:energy and utility costs, 𝑙𝑐4:capital replacement cost, and 𝑙𝑐5:residual 
value) and all the pre-defined housing design and construction decisions ‘V’ such 
as the orientation of the housing unit. The calculation of each of these life-cycle 
cost metrics depends on a set of housing decision variables, as shown in Table 
5.3. It should be noted that the housing unit energy and utility costs (𝑙𝑐3) are 
calculated in the present model using external energy analysis and thermal load 
simulation algorithms, as shown in Figure 5.2.  
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5.3.4 Model Constraints 
The model is designed to comply with all practical constraints including: (1) the 
type of decision variables are designed as discrete integer number for the decision 
variables from d1 to  d22, and neighborhood location (d33), as shown in Equation 
5.4; (2) decision variables from d23 to d31 are designed as binary numbers to 
represent if EPA recommended AQ equipment are performed or not, as shown 
Equation 5; (3) the decision variable representing the mechanical ventilation rate 
(d30) is designed as a continuous real number to ensure that it is within a user-
specified range from ‘𝑑𝑧
𝑚𝑎𝑥 ’ to ‘𝑑𝑧
𝑚𝑖𝑛’, as shown in Equation 5.6; and (4) the 
summation of d9 (number of CFLs) and d10 (number of LEDs) should be less than 
or equal to the total number of housing lighting fixtures (LF) specified by the 
decision-maker, as shown in Equation 5.7. 
integer, 1,2, ,21,22,33zd z                           (5.4) 
1
, 23,24, ,30,31
0
z
if Performed
d z
if Not Performed
 
   
 
                    (5.5) 
max min , 32z z zd d d z                                                                          (5.6)                                                       
9 10LF d d                                                                                                      (5.7)                                                                                                               
5.4 Model Implementation 
Multi-objective genetic algorithms were used to perform the optimization 
computations in this model due to its reported capabilities in optimizing multiple  
building objectives (Caldas and Norford 2003; Magnier and Haghighat 2010; 
Tuhus-Dubrow and Krarti 2010; Wang et al. 2005). The model was implemented 
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using MATLAB 2012a and coupled with an external building energy simulation 
engine, EnergyPlus (2011). The model was implemented in three main steps (see 
Figure 5.2): (1) initialization step that requires the input of all relevant data set files 
that include all pre-defined housing design decisions and EnergyPlus input files, 
and identifying the model constraints and the GA search parameters such as the 
number of generations (G) and population size (S); (2) GA search step that 
executes the external simulation engine (EnergyPlus) and runs the GA to calculate 
the criteria and metrics of each objective, and select the fittest solutions based on 
the calculated environmental performance (ENV), social quality of life (SQOL), and 
life cycle-cost (LCC); and (3) data output step that generates the Pareto optimal 
(i.e. non-dominated) solutions based on the computed ENV, SQOL, and LCC, and 
presents the tradeoff analysis for decision-makers to enable them to analyze and 
select optimal configurations of single-family housing design and construction 
decisions. 
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Figure 5.2: Model implementation 
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5.5 Performance Evaluation 
An application example was analyzed to evaluate the present model and 
demonstrate its capabilities in generating optimal tradeoffs among the 
environmental performance, social quality of life, and life cycle cost of single-family 
housing units. The housing unit example was selected as B10 Benchmark which 
is a reference house that is built based on the 2009 International Energy 
Conservation Code, the 2010 Federal appliance standards, and the 2010 lighting 
characteristics and miscellaneous electric loads (Hendron et al. 2010). The 
housing unit was assumed to: (1) be designed as a one-story single-family housing 
unit covering an area of 1800 square feet including a garage; (2) be located in 
Madison, WI; (3) have a service life of 50 years; (4) have 30 lighting fixtures (LF) 
which is the average number of home lighting fixtures in the US as reported by 
Energy Star (2012); (5) utilize a dehumidifier to control indoor humidity levels; (6) 
have exhaust fans in each bathroom and kitchen to meet ASHRAE 62.2 standards; 
(6) have an average natural ventilation rate (𝑛𝑣) of 0.021 ACH; (7) have user-
specified relative importance weights (𝑤𝑥) of the two environmental performance 
criteria of carbon footprint index and water usage index as 0.65 and 0.35, 
respectively; and (8) have user-specified relative importance weights (𝑤𝑦) of the 
social quality of life four criteria of thermal comfort index, indoor lighting quality 
index, indoor air quality index, and neighborhood quality index as 0.30, 0.15, 0.28, 
and 0.27, respectively. It should be noted that the model provides the capability 
and flexibility to consider varying user-specified weights to represent the relative 
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importance of the aforementioned criteria that can vary from one decision-maker 
to another. 
The present optimization model integrates thirty three decision variables, where 
each represents a possible selection from a set of feasible alternatives, as shown 
in Table 5.4, and Figure 5.1. This set produces a wide search space that includes 
more than 2.6 quadrillion possible configurations of design and construction 
decisions for this analyzed housing unit. Each of these possible configurations 
provides a unique combination of housing environmental performance, social 
quality of life, and life-cycle cost. This presents decision makers with a challenging 
task that requires them to search for and identify an optimal set of housing design 
and construction decisions from this large search space that includes 2.6 
quadrillion possible configurations in order to simultaneously optimize the housing 
environmental performance, social quality of life, and life-cycle cost. To support 
decision makers in this challenging task, the present model was used to efficiently 
and effectively search this large space of 2.6 quadrillion possible configurations of 
design and construction decisions based on genetic algorithm and Pareto-
optimality principles. In order to improve the convergence quality of the developed 
model, the GA population size and number of generations were estimated, based 
on the number of decision variables in the present model, to be 300 and 420, 
respectively (MathWorks 2014; Reed et al. 2000).  
For this application example, the model was able to generate 210 Pareto optimal 
(non-dominated) solutions that represent 210 optimal and unique tradeoffs among 
the aforementioned three optimization objectives, as shown in the three-
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dimensional graph in Figure 5.3. These tradeoffs are also demonstrated 
graphically in two-dimensional slices to demonstrate the tradeoffs between (1) the 
environmental performance and life cycle cost objectives, as shown in Figure 5.4, 
and (2) the social quality of life and life cycle cost objectives, as shown in Figure 
5.5.  
Each of the generated Pareto optimal solutions provides a unique and optimal 
configuration of design and construction decisions, and optimal tradeoff among the 
three objectives of the model. The generated optimal solutions include three 
extreme solutions: (1) solution S1 that provides the maximum possible 
environmental performance (ENV = 0.89) with an associated social quality of life 
performance of 0.63 and life cycle cost of $196,142; (2) S74 that provides the 
maximum possible social quality of life (SQOL = 0.83) with an associated 
environmental performance of 0.40 and LCC of $180,442; and (3) S210 that 
provides the least possible life cycle cost (LCC = $149,920) with an associated 
environmental performance of 0.57 and social quality of life performance of 0.61. 
These three extreme solutions are analyzed in more detail in the following 
paragraphs to illustrate the capabilities of the developed model. 
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Table 5.4: Set of feasible alternatives 
         Decision Variables Possible Options 
d1:  Heating/Cooling System 
[Central A/C (SEER 14); Central A/C (SEER 15);  
Central A/C (SEER 16); Central A/C (SEER 17); Central A/C (SEER 18);  
Central A/C (SEER 21); Air Source Heat Pump (SEER 22);  
Ground Source Heat Pump (EER 20.2, COP 4.2)] 
d2: Window glazing type  
[Clear Glass (U-value 0.49, SHGC 0.63, VT 0.63); 
High-Solar Gain Low-E Glass (U-value 0.39, SHGC 0.53, VT 0.51); 
Medium-Solar-Gain Low-E Glass (U-value 0.27, SHGC 0.46, VT 0.41); 
Low-Solar Gain Low-E Glass (U-value 0.26, SHGC 0.31, VT 0.46)] 
d3: Window-to-wall area ratio [10%, 12%, 15%, 18%] 
d4: Elevation of windows [2.3ft, 2.6ft, 3ft, 3.3ft] 
 d5:  Exterior wall type 
[2x4 Wood Stud*, R11 fiberglass batts;  
2x4 Steel Stud*, R11 fiberglass batts; 
ICF (R11) Steel Ties, 3/4in concrete stucco, Foam Shells; 
2x6 Wood Stud*, R19 fiberglass batts] 
d6:  Roof/Ceiling insulation 
[Ceiling R38 fiberglass batts; Ceiling R49 fiberglass batts; 
 Roof R49 Closed Cell Spray Foam; Roof 47.5 SIP;  
Ceiling R49 fiberglass batts; Ceiling R60 fiberglass batts] 
d7: Foundation insulation 
[Whole Slab Insulation R10; Whole Slab Insulation R20;  
Whole Slab Insulation R30; Whole Slab Insulation R40] 
d8: Water Heater 
[Natural Gas Fired Water Heater; Electric Water Heater; 
Oil Fired Water Heater; Propane Gas Fired Water Heater] 
d9: Number of CFLs [1, 2, …, 29, 30] 
d10: Number of LEDs [1, 2, …, 29, 30] 
d11: Cooking range [Conventional (244 kWh/yr); EnergyStar certified (182 kWh/yr)] 
d12: Refrigerator [Conventional (438 kWh/yr); EnergyStar certified (383 kWh/yr)] 
d13: Clothes dryer [Conventional 282 kWh/yr; EnergyStar certified (97 kWh/yr)] 
d14: Clothes washer [Conventional MEF 2.0; WF 6.0; EnergyStar certified MEF 3.0, WF 2.7 ] 
d15: Dishwasher 
[Conventional (318 kWh/yr, 2.7 gal/cycle); 
EnergyStar certified (180 kWh/yr, 2.2 gal/cycle)] 
d16: Toilet flush [Conventional (1.6 GPF); WaterSense EPA Certified (1.28 GPF)] 
d17: Bathroom sink faucet [Conventional (2.2 GPM); WaterSense EPA Certified (1.5 GPM)] 
d18: Kitchen sink faucet [Conventional (2.2 GPM); WaterSense EPA Certified 1.8 GPM] 
d19: Showerhead [Conventional (2.5 GPM); WaterSense EPA Certified (1.75 GPM)] 
d20: Heating set point  [67F, 68F, 69F, 70F, 71F, 72F, 73F, 74F] 
d21: Cooling set point [76F, 77F, 78F, 79F, 80F] 
d22: Relative humidity [45%, 50%, 55%, 60%, 65%] 
d23 – d31 :  Perform  EPA 
recommended AQ control 
decisions 
[Perform or Not] 
d32: Mechanical ventilation rate From 55 cfm to 95 cfm 
d33: Location of the housing  
unit and its neighborhood 
[Arbor Hills, Marquette, Lake Edge] 
* 1/2in gypsum boards, 1/2in plywood, 1/2in wood siding 
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The first extreme solution (S1) provided the maximum possible environmental 
performance (ENV = 0.88) by minimizing the carbon footprint and water usage of 
the housing unit. First, the carbon footprint was minimized in solution S1 by 
selecting (i) the ground source heat pump which is the most energy efficient 
heating/cooling system in the provided set of alternatives; (ii) a building envelope 
system that provides the highest insulation through including window glazing type 
of medium-solar gain low-E glass (U-value = 0.27, SHGC = 0.46), exterior wall 
type of 2x6 Wood Stud with R19 fiberglass batts, ceiling insulation of R60 
fiberglass batts, and whole slab insulation of R40 fiberglass batts; (iii) all 
EnergyStar certified appliances; (iv) the lowest heating set point of 67F, and the 
highest cooling set point of 80F, and (v) a lower mechanical ventilation rate of 57 
cfm. Second, the water usage was minimized in solution S1 by selecting (i) 
EnergyStar certified appliances such as clothes washer and dishwasher that have 
the least water consumption rate among the provided set of alternatives; and (ii) 
WaterSense EPA certified water fixtures. Although this solution (S1) achieved the 
maximum possible environmental performance, it provided a relatively lower social 
quality of life performance of 0.63 compared to solution S74 that had SQOL 
performance of 0.83. This relatively lower SQOL performance of S1 was caused 
by its selection of (1) the lowest heating set point of 67F, and the highest cooling 
set point of 80F that did not provide optimal thermal comfort for the housing 
residents; (2) window glazing type of medium-solar gain low-E glass which has the 
lowest visual transmittance (VT) of 0.41 that reduced the penetration of natural 
daylight and caused lower indoor lighting quality; (3) four out of the nine feasible 
133 
 
EPA recommended air quality control decisions that caused a relative reduction in 
indoor air quality; and (4) a lower mechanical ventilation rate of 57 cfm that caused 
a lower level of indoor air quality. Similarly, solution S74 produced a higher life-
cycle cost ($196,142) than that of solution S210 ($149,920) because of its 
selection of more costly design and construction decisions to improve the 
environmental performance, as shown in Table 5.5, Figure 5.3 and Figure 5.4.  
The second extreme solution (S74) maximized the social quality of life for the 
housing residents by achieving the possible highest improvements in the thermal 
comfort, indoor lighting quality, indoor air quality, and neighborhood quality. First, 
the maximum thermal comfort was achieved by maintaining an optimal 
configuration of 72F heating set point for the winter season, a 76F cooling set point 
for the summer season, and a 55% relative humidity rate. Second, S74 achieved 
maximum lighting quality by allowing maximum penetration of natural daylight 
while avoiding glare discomfort for the residents as a result of selecting: (i) 12% 
ratio of wall-to-window area, and (ii) clear glass window type which has the highest 
Visual Transmittance (VT) of 0.63. Third, the highest indoor air-quality was attained 
in solution S74 by selecting: (i) all recommended EPA air quality control decisions 
in Table 5.2; and (ii) an optimal mechanical ventilation rate of 79 cfm that provided 
the lowest percentage of dissatisfied people of 4%. Fourth, the highest 
neighborhood quality index was achieved in S74 by selecting the site location as 
Marquette which has the highest neighborhood quality index (NQI = 0.90) among 
the three feasible alternatives. Despite the maximum social quality of life 
performances of these optimal decisions, they caused lower environmental 
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performance (ENV = 0.40) compared to the solutions of S1 and S210 that had 
ENV performance of 0.89 and 0.56, respectively. This lower environmental 
performance of solution S74 was caused by higher carbon footprint and water 
usage of the housing unit due to the selection of the optimal heating (72F) and 
cooling set points (76F) for the thermal comfort of the residents which increased 
energy consumption.  
The third extreme solution (S210) minimized the life cycle cost of the housing unit 
(LCC =$149,920) by reducing its initial cost, and energy and utility cost. First, the 
initial cost was minimized in solution S210 by selecting the least costly options 
including: (i) window glazing type of clear glass (U-value = 0.49), (ii) 
heating/cooling system of Central A/C (SEER 14, 1 stage speed), (iii) electric water 
heater system, (iv) all conventional appliances, (v) conventional water fixtures of 
toilet flush, bathroom sink faucet, and kitchen sink faucet, and (vi) the site location 
with the least land value. Second, the energy and utility costs was minimized in 
solution S120 by selecting the lowest heating set point of 67F during the winter 
season. Although these optimal housing decisions of solution S210 produced the 
least life-cycle cost, they resulted in (1) lower environmental performance (ENV = 
0.56) compared to Solution S1 due to increasing the carbon footprint and water 
usage of the housing unit by selecting the inefficient design and construction 
decisions; and (2) lower social quality of life performance of 0.61 compared to S74 
due to reduced performances in thermal comfort, indoor lighting quality, indoor air 
quality, and the selection of a housing location with a lower neighborhood quality 
index. 
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In addition to these three extreme solutions, the model was able to generate an 
additional set of 207 tradeoff solutions, where each represents a unique optimal 
and non-dominated tradeoff among the aforementioned three optimization 
objectives. Decision makers can visualize these tradeoffs using 2- or 3-
diemensional graphs to select an optimal solution that best fits their specific project 
needs and provides the best overall tradeoff among the three objectives from their 
perspective. For example, analyzing the optimal tradeoffs between the 
environmental performance and life-cycle cost the in Figure 5.4 shows that solution 
S35 provides a good tradeoff between these two objectives. As shown in Figure 
5.4, S35 generated an environmental performance of 0.87 which is slightly lower 
than the maximum possible performance provided by solution S1 (ENV = 0.89); 
however it was able to reduce the life-cycle cost of the housing unit to $177,037 
compared to the $196,142 that was achieved by solution S1. Similarly, analyzing 
the generated optimal results in Figure 5.5 shows that solution S167 provides a 
good tradeoff between the two objectives of social quality of life and life-cycle cost. 
Solution S167 generated a social quality of life performance of 0.81 which is 
slightly lower than that the maximum achieved by solution S74 (SQOL = 0.83); 
however it reduced the life-cycle cost of the housing unit to $164,275 compared to 
the $180,442 that was achieved by solution S74. Accordingly, this wide range of 
generated optimal tradeoffs can be analyzed by decision-makers in order to 
identify an optimal solution that best addresses the specific needs of their project.  
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Table 5.5: Sample of optimal solutions 
Solution Optimal Solutions ENV SQOL LCC 
S1 
 {𝑑1
8, 𝑑2
3 , 𝑑3
2, 𝑑4
1 , 𝑑5
6, 𝑑6
6, 𝑑7
4 , 𝑑8
4 , 𝑑9
19, 𝑑10
11, 𝑑11
2 , 𝑑12
2 , 𝑑13
2 , 𝑑14
2 , 𝑑15
2 , 𝑑16
2 , 𝑑17
2 , 𝑑18
2 ,  
𝑑19
2 , 𝑑20
1 , 𝑑21
5 , 𝑑22
3 , 𝑑23
0 , 𝑑24
1 , 𝑑25
1 , 𝑑26
0 , 𝑑27
0 , 𝑑28
0 , 𝑑29
1 , 𝑑30
1 , 𝑑31
1 , 𝑑32
57, 𝑑33
2 }  0.89 0.63 $196,142 
S74 
 {𝑑1
3, 𝑑2
1, 𝑑3
2, 𝑑4
1, 𝑑5
1 , 𝑑6
2,  𝑑7
2,  𝑑8
3, 𝑑9
7, 𝑑10
23 , 𝑑11
1 , 𝑑12
1 , 𝑑13
1 , 𝑑14
1 , 𝑑15
2 , 𝑑16
1 , 𝑑17
1 , 𝑑18
1 , 
𝑑19
1 , 𝑑20
6 , 𝑑21
1 , 𝑑22
3 , 𝑑23
1 , 𝑑24
1 , 𝑑25
1 , 𝑑26
1 , 𝑑27
1 , 𝑑28
1 , 𝑑29
1 , 𝑑30
1 , 𝑑31
1 , 𝑑32
79, 𝑑33
2 }  0.40 0.83 $180,442 
S210 
{𝑑1
1 , 𝑑2
1, 𝑑3
3, 𝑑4
2, 𝑑5
6, 𝑑6
2 , 𝑑7
2, 𝑑8
1 , 𝑑9
11 , 𝑑10
19, 𝑑11
1 , 𝑑12
1 , 𝑑13
1 , 𝑑14
1 , 𝑑15
1 , 𝑑16
1 , 𝑑17
1 , 𝑑18
1 , 
𝑑19
2 , 𝑑20
1 , 𝑑21
2 , 𝑑22
1 , 𝑑23
0 , 𝑑24
0 , 𝑑25
0 , 𝑑26
0 , 𝑑27
0 , 𝑑28
0 , 𝑑29
1 , 𝑑30
0 , 𝑑31
1 , 𝑑32
68, 𝑑33
1 } 0.57 0.61 $149,920 
 
 
Figure 5.3: Environmental performance-Social quality of life-Life cycle cost 
tradeoff analysis 
Solution S210 
ENV=0.57 
SQOL=0.61 
LCC=$149,920 
 
Solution S74 
ENV=0.40 
SQOL=0.83 
LCC=$180,442 
 
Solution S1 
ENV=0.89 
SQOL=0.63 
LCC=$196,142 
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Figure 5.4: Environmental performance and Life cycle cost tradeoff analysis 
 
Figure 5.5: Social quality of life and Life cycle cost tradeoff analysis 
5.6 Summary  
This chapter presented a novel multi-objective optimization model for optimizing 
housing design and construction decisions to simultaneously maximize the 
environmental performance of single-family housing units, maximize the social 
quality-of-life for their residents, and minimize their life-cycle cost. The model was 
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developed in three stages: (1) model formulation stage that identified all relevant 
criteria, metrics, decision variables, objective functions, and constraints; (2) model 
implementation stage that perfored the optimization computations using multi-
objective genetic algorithms, and (3) model evaluation stage that analyzed and 
refined the performance of the developed model using a single-family housing unit 
application example. The analysis results illustrated the new and innovative 
capabilities of the model in generating Pareto optimal solutions, where each 
provides a unique and optimal configuration of design and construction decisions, 
and an optimal tradeoff among the three objectives of the model. The model was 
able to generate 210 Pareto optimal solutions including three extreme solutions 
that provide the maximum housing environmental performance, the maximum 
social quality-of life for its residents, and the minimum life-cycle cost of the housing 
unit. These new capabilities enable decision makers in generating and analyzing 
optimal tradeoffs among objectives of the model to identify optimal configurations 
of design and construction decisions of single-family housing units that best fits 
their specific demands.  
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CHAPTER 6 
6 PARALLEL COMPUTING FRAMEWORK 
6.1 Introduction 
To improve the sustainability of housing units, decision-makers often seek to 
optimize the design and construction of housing units in order to enhance their 
environmental performance. This can be achieved by integrating green building 
measures and fixtures in the design and construction of housing units. Despite the 
environmental benefits that can be gained from these green building measures, 
their utilization often increases housing initial cost. Accordingly, decision makers 
need to carefully analyze and optimize the impact of using green building 
measures on the environmental performance of housing units and their initial cost.  
Several research studies were conducted to optimize the tradeoffs between 
housing environmental performance and its initial cost (Horowitz et al. 2008; Ihm 
and Krarti 2012; Keoleian et al. 2000; Tuhus-Dubrow and Krarti 2010; Wang et al. 
2005; Wright et al. 2002). These models were designed to analyze building energy 
consumption and construction cost without the use of building energy simulation 
algorithms such as DOE-2 or EnergyPlus. This often leads to inaccurate estimates 
of building energy performance and accordingly limits the application of these 
models (Magnier and Haghighat 2010). Other research studies utilized building 
energy simulation algorithms to improve the accuracy of their estimates of building 
energy performance (Bichiou and Krarti 2011; Caldas and Norford 2003; 
Congradac and Kulic 2009; Johnson et al. 1984; Kumar et al. 2007). Despite the 
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contributions of these studies, their application to optimize building design is limited 
due to their time-intensive computational requirements.  
Two recent research studies utilized parallel computing to speed up the 
computations of optimizing housing design and construction decisions (Lawrence 
Berkeley 2011; NREL 2013). Despite the contributions of these two recent studies, 
their application to optimize the tradeoffs between the environmental and 
economic performances of housing units is limited due to their inability to perform 
multi-objective optimization. To overcome the limitations of the aforementioned 
research studies, this Chapter presents the development of a parallel computing 
framework that utilizes multi-objective optimization to efficiently and effectively 
optimize the tradeoffs between the environmental and economic performances of 
housing units. 
6.2 Objective 
The objective of this Chapter is to develop a scalable and expandable parallel 
computing framework to reduce the computational time that is required to optimize 
the tradeoffs between the environmental performance of housing units and their 
initial cost. The framework is developed in three stages: (1) designing a multi-
objective genetic algorithm framework to search for and identify optimal tradeoffs 
between the environmental performance of housing units and their initial cost; (2) 
implementing the multi-objective genetic algorithm framework using parallel 
computing to enable an efficient distribution of the genetic algorithm computations 
over a number of parallel processors; and (3) evaluating the performance of the 
developed framework.  
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6.3 Framework Design 
This stage of focuses on designing a multi-objective genetic algorithm framework 
to search for and identify an optimal set of housing design and construction 
decisions, where each provides a unique and optimal tradeoff between the 
environmental performance of housing units and their initial cost. The framework 
is designed as a parallel genetic algorithm to enable multi-objective optimization 
and is coupled with an external energy simulation algorithm (EnergyPlus (2011) to 
accurately estimate the energy consumption of various housing design and 
construction alternatives. The framework is designed in four main steps: (i) data 
input; (ii) initialization, (iii) multi-objective optimization, and (iv) data output, as 
shown in Figure 6.1. 
I) Data Input: This phase requires decision-makers to: (a) select and/or edit all 
pre-defined data set files that contain all the required data on the environmental 
performance and initial cost of the housing unit; (b) specify the GA search 
parameters such as the number of generations (G), population size (Z), mutation 
rate, and crossover rate; and (c) provide EnergyPlus input files that are required 
to run the external energy simulation algorithm (EnergyPlus (2011).  
II) Initialization: This phase is designed to (a) read GA parameters to initialize the 
global search process; and (b) create a population that includes Z random 
solutions for the first genetic algorithm generation (g =1), which represents an initial 
set of feasible alternatives that covers possible design and construction decisions 
that have an impact on the housing environmental performance and initial cost.  
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III) Multi-Objective Optimization: This phase generates the optimal tradeoffs 
between maximizing the housing environmental performance (ENV) and 
minimizing its initial cost (IC). The development of this multi-objective model is 
described in more detail in Chapter 4. Furthermore, the computations in this multi-
objective objective optimization phase is performed in eight main steps that are 
executed by the coordinator and worker processors as follows: (1) the coordinator 
processor starts by dividing the generated population that includes Z random 
solutions (from z=1 to Z) into sub-populations, and then distribute these generated 
sub-populations along with their data sets and EnergyPlus input files among the 
assigned worker processors (N) in the parallel computing framework; (2) each 
worker processor analyzes the energy and water consumption for each solution z 
in its assigned subpopulation by running the external building energy simulation 
algorithm (EnergyPlus) to calculate their greenhouse gas emission and water 
consumption; (3) each worker processor evaluates the fitness function for each 
solution z in its assigned subpopulation by calculating its environmental 
performance index (ENV𝑔
𝑧) and initial cost (𝐼𝐶𝑔
𝑧) based on the pre-defined data sets 
(e.g., orientation of the housing unit) and the calculated building energy and 
consumption by EnergyPlus; (4) each worker processor sends the fitness function 
evaluations to the coordinator processor; (5) the coordinator processor gathers the 
fitness function evaluations of all the solutions (z=1 to Z) in the entire population 
from all worker processors; (6) the coordinator processor creates the next 
generation of solutions by scoring and scaling the fitness functions calculated in 
step 3, selecting the fittest solutions among them, and using mutation and 
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crossover operators to create a new generation of solutions; and (7) the 
coordinator and worker processors repeat steps 1 through 7 until the specified 
number of generations (G) are created and analyzed, as shown in Figure 6.1. 
IV) Data Output: This phase enables decision-makers to visualize and analyze 
the generated optimal tradeoff solutions in order to select an optimal set of housing 
design and construction decisions that provides an optimal tradeoff between the 
environmental performance and initial cost of the housing unit.  
 
Figure 6.1: Parallel computing framework 
6.4 Framework Implementation 
This stage implemented the aforementioned parallel computing framework using 
the University of Illinois’ Golub Linux cluster that supports 512 nodes with high 
speed Mellanox MSX6518-NR FDR InfiniBand cluster interconnection. Each node 
144 
 
is configured with two Intel E5-2670, 2.6 GHz, 20M Cache, and 8 core processors. 
The cluster is accessed through 2.6 GHz, 20M cache, and 8C front-end server 
(CSE 2014).  
The parallel computing framework was implemented as an independent run model 
that distributes genetic algorithm computations among a pool of worker 
processors, as shown in Figure 6.1. This model allows the processors to work 
independently, and communicate at the end of the whole search process to select 
the optimum solutions (Kwok and Ahmad 1997). To enable this independent run 
model, the parallel computing framework is performed using MATLAB 2013b 
Parallel Computing ToolboxTM which is able to organize genetic algorithm 
computations into independent tasks and executing multiple tasks concurrently 
(MathWorks 2014). In this Chapter, the parallel computing framework was tested 
using a set of twelve worker processors.  
6.5 Performance Evaluation 
This stage evaluated the performance of the developed parallel computing 
framework based on its computational time, and quality of solutions. The 
framework was tested using seven experiments that utilized 2, 4, 6, 8, 10, and 12 
worker processors, respectively. These experiments were conducted using a case 
Chapter of B10 Benchmark housing unit, which represents a reference house that 
is built based on the 2009 International Energy Conservation Code, the 2010 
Federal appliance standards, and the 2010 lighting characteristics and 
miscellaneous electric loads (Hendron et al. 2010). 
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The size of the GA population (Z) and the number of generations (G) were 
determined as a function of the number of decision variables integrated in the 
present model based on the structure of genetic algorithm (Reed et al. 2000). The 
performance of the developed framework was evaluated using five commonly 
utilized metrics: (1) elapsed time; (2) speedup ratio; (3) efficiency; (4) Karp-Flatt; 
and (5) quality of solutions (Kandil and El-Rayes 2005; Karp and Flatt 1990; Luque 
2011). 
6.5.1 Elapsed Time 
This metric examines the effectiveness of the developed framework based on the 
execution time of the parallel genetic algorithm using different numbers of worker 
processors (Kwok and Ahmad 1997). The elapsed time ‘𝑡𝑛’ integrates the 
evaluation time required by n number of utilized worker processors to execute the 
GA computational tasks explained in Figure 6.1. The elapsed time of the 
conducted seven experiments are summarized in Figure 6.2.  
 
Figure 6.2: Elapsed time 
The results of this analysis illustrated that the present framework was able to 
reduce the computational time to optimize the design and construction of the 
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housing example from 12 days (287.4 hr) to 1.1 days (27.1 hr) by increasing the 
utilized worker processor from 1 to 12. This significant reduction in the elapsed 
time proves that the developed parallel computing framework is capable of 
transforming the optimization of housing units from a time-consuming and often 
impractical problem to a feasible and practical one. Furthermore, the framework 
was able to reduce the elapsed time to 1.7 days by utilizing 8 parallel worker 
processors that are commonly found on many PCs with quad core/8 threads. This 
highlights the computational benefits that can be gained from the developed 
framework even when it is implemented on a single PC with quad core.  
6.5.2 Speedup Ratio 
The speedup ratio metric (𝑠𝑛) evaluates the computational costs needed by the 
serial and parallel genetic algorithm to find the optimal number of worker 
processors that maximizes the framework performance (Cantu-Paz and Goldberg 
1996). This metric (𝑠𝑛) computes the ratio between the sequential execution time 
‘𝑡1’ using a single processor, and the parallel execution time or total elapsed time 
using n number of processors ‘𝑡𝑛’ (Luque 2011). 
The speedup performance of the developed framework was analyzed for the 
conducted seven experiments, as shown in Figure 6.3. The results of this analysis 
show that the speedup metric (𝑠𝑛) was approximately ‘4’ when the computations 
were distributed over four parallel processors. As the number of processors 
increased, the speedup became less linear, as shown in Figure 6.3. The trend in 
the speedup ratio illustrated that the framework has a sublinear speedup (𝑠𝑛 < 𝑛), 
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and slightly moves away from the linear speedup as the number of worker 
processors increases (Luque 2011).  
 
Figure 6.3: Speedup ratio  
6.5.3 Efficiency 
This metric analyzes the incremental efficiency (e) of the parallel computing 
framework by evaluating the fraction of time improvement from using additional 
worker processors, as shown in Equation 6.1 (Kandil and El-Rayes 2005; Luque 
2011). The efficiency of the framework is depicted in Figure 6.4. 
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Figure 6.4: Framework efficiency 
The results of the analysis indicated that the there is a slight loss of efficiency in 
the parallel computing framework as the number of worker processors (n) 
increases. For example, the framework can achieve 96% efficiency by using 2 
processors, but the efficiency rate was reduced to 88% when the parallel 
computations were distributed over 12 processors. 
6.5.4 Karp-Flatt Metric 
The Karp-Flatt metric (𝑘) quantifies the ratio of the computational time spent in 
performing serial tasks, as shown in Equation 6.2. This metric was used to 
evaluate the performance of the developed parallel computing framework for each 
of the conducted seven experiments, as shown in Table 6.1. 
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Table 6.1: Karp-Flatt metric 
Number of Processor (n) Karp-Flatt (k) 
2 0.039 
4 0.028 
6 0.025 
8 0.018 
10 0.015 
12 0.012 
 
The results of the analysis indicated that the serial fraction (𝑘) gradually decreases 
as the number of processors increases. This highlighted that the framework is 
scalable for parallel computing based on the utilized number of worker processors, 
but its efficiency can be improved by adjusting the granularity of the paralleled task 
(Luque 2011).  
6.5.5 Quality of Solutions 
This metric is used to analyze the impact of parallel computing framework on the 
quality of its solutions. The quality of multi-objective GA solutions can be evaluated 
by the total number of generated optimal solutions and the percentage deviation 
of their nondomination by other solutions (Corne et al. 2000; Kandil and El-Rayes 
2006; Kwok and Ahmad 1997). The quality of solutions from serial and genetic 
algorithms is evaluated in Figure 6.5. The results indicated that the framework was 
able generate Pareto optimal solutions that follow the same solution curve for both 
serial and parallel algorithms. This proves that the quality of solutions generated 
by the developed parallel computing framework is not affected by the number of 
assigned worker processors (Kandil and El-Rayes 2005). 
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Figure 6.5: Quality of solutions 
6.6 Summary 
This Chapter presents a scalable and expandable parallel computing framework 
that is capable of providing an efficient and effective computational support for 
optimizing the housing design and construction decisions to generate optimal 
tradeoffs between housing environmental performance and its initial cost. The 
framework was developed in three main stages: (1) framework design that couples 
a parallel genetic algorithm with an energy simulation engine (i.e. EnergyPlus) to 
search for and identify optimal tradeoffs between the aforementioned two 
optimization objectives; (2) framework implementation that adopted the 
independent run model which distributes genetic algorithm computations among a 
pool of worker processors; and (3) performance evaluation that analyses the 
performance of the developed parallel computing framework using five metrics of 
computational elapsed time, speedup ratio, efficiency, Karp-Flatt, and quality of 
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solutions. The results obtained from the performance evaluation phase illustrated 
the capabilities of the developed parallel computing framework in reducing the 
computational time requirements up to 90%, and maintaining the quality of 
solutions compared to those generated using a single processor. These new 
capabilities provide significant reduction in the extensive computational time 
requirements for identifying optimal configuration of design and construction 
decisions. This is expected to transform the optimization of housing units from a 
time-consuming and often impractical problem to a feasible and practical one. 
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CHAPTER 7 
7 CONCLUSION 
7.1 Conclusions 
This research study focused on the optimization of design and construction 
decisions in order to maximize the sustainability of single-family housing units. The 
new research developments of this study include: (1) an innovative housing social 
impact model; (2) a novel housing environmental performance model; (3) a new 
multi-objective optimization model for maximizing housing social quality-of-life and 
environmental performances while minimizing its life-cycle cost; and (4) a parallel 
computing framework to efficiently and effectively speed up the optimization 
computations. 
First, an innovative housing social impact model was developed to identify optimal 
tradeoffs between maximizing the social quality-of-life (SQOL) for housing 
residents and minimizing the housing life-cycle cost (LCC). The model was 
designed to optimize the impact of housing design and construction decisions on 
the overall SQOL for the residents and the LCC of the housing unit in order to 
improve residents’ thermal comfort, indoor lighting quality, indoor air quality, and 
neighborhood quality. The model was implemented as a multi-objective genetic 
algorithm model, and its capabilities was analyzed with an application example to 
evaluate its performance. The results of this analysis showed that the model was 
able to generate a wide spectrum of Pareto optimal solutions for the example 
house, where each identifies an optimal configuration of design and construction 
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decisions that provides a unique and optimal tradeoff between the two-optimization 
objectives of the model.  
Second, a novel housing environmental performance model was developed to 
generate optimal tradeoffs between maximizing the overall environmental 
performance of housing units and minimizing their initial costs. The model was 
designed to maximize housing environmental performance by reducing its 
greenhouse gas emissions and water consumption. The performance of the 
developed model was analyzed using an application example. The results of this 
performance evaluation illustrated that the model is capable of generating a wide 
range of optimal solutions, where each identifies an optimal configuration of design 
and construction decisions that provides an optimal tradeoff between the two 
objectives of the model.  
Third, a new and innovative multi-objective optimization model was developed to 
generate optimal tradeoffs among the three sustainability objectives of maximizing 
the environmental performance of housing units, maximizing the social quality-of-
life for their residents, and minimizing their life-cycle cost. The model was designed 
as a multi-objective genetic algorithm to provide the capability of optimizing 
multiple housing objectives and criteria that include minimizing carbon footprint 
and water usage, maximizing thermal comfort, enhancing indoor air and lighting 
quality, improving neighborhood quality, and minimizing life-cycle cost. 
Furthermore, the performance of the developed model was analyzed using an 
application example. The results of this analysis demonstrated the new capabilities 
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of the model in generating optimal tradeoffs among the three sustainability 
objectives of single-family housing units.  
Fourth, a parallel computing framework was developed to efficiently and effectively 
speed up the computations of optimizing housing sustanaibility decisions. The 
framework was designed and implemented as a global parallel optimization 
algorithm and coupled with an energy simulation engine. The feasibility of the 
developed framework was analyzed based on its computational time, 
computational effort, and solution quality. The results of this analysis highlighted 
the capabilities of the developed framework in: (1) enabling significant 
computational time savings in the optimization of housing design and construction 
decisions; and (2) providing an efficient distribution of the optimization algorithm 
computations over a number of parallel processors.  
The aforementioned developments of this research study contribute to the current 
practice of housing design and construction, and lead to: (1) enhancing the social 
quality-of-life for the residents while minimizing the life-cycle cost of the single-
family housing unit; (2) increasing the housing environmental performance while 
minimizing its initial cost; (3) improving the overall sustainability of single-family 
housing units by maximizing their overall social, environmental, and economic 
performances; and (4) reducing the computational time and effort required to 
optimize the sustainability of housing units. 
7.2 Research Contributions 
The main research contributions of this study can be summarized as follows: 
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1. Developing novel metrics and methodologies that are capable of measuring 
and quantifying the impact of design and construction decisions on the social 
and environmental performance of single-family housing units. 
2. Developing an innovative housing social impact model that is capable of 
generating and analyzing optimal tradeoffs between the social quality-of-life for 
housing residents and the life-cycle cost of housing units. 
3. Developing a novel housing environmental performance model that is capable 
of generating and analyzing optimal tradeoffs between the environmental 
performance of housing units and their initial cost. 
4. Developing an innovative multi-objective optimization model for the 
optimization of single-family housing design and construction decisions in order 
to generate optimal tradeoffs among the three sustainability objectives of 
maximizing social quality-of-life for housing residents, maximizing housing 
environmental performance, and minimizing the life-cycle cost of housing units. 
5. Formulating a scalable and expandable parallel computing framework that is 
capable of significantly reducing the computational time of optimizing housing 
sustainability decisions and transforming this optimization problem from an 
intractable problem to a feasible and practical one. 
7.3 Future Research Work 
Although the present study was able to accomplish its research objectives, a 
number additional research thrusts have been identified during the course of this 
study, including: (1) analyzing the impact of sustainability assessment certification 
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systems on single-family housing units; and (2) modeling the impact of building 
materials on housing environmental performance. 
7.3.1 Analyzing the Impact of Sustainability Assessment Certification 
Systems  
This research study focused on evaluating and maximizing sustainability for single-
family housing units. The next step will be to develop a model that is capable of 
achieving the highest level of LEED certification for single-family housing units 
within specified budget constraints. This model will assist decision-makers in 
optimizing the design and construction decisions for single-family housing and 
enable them to achieve the highest LEED certification level within a specified 
budget.  
7.3.2 Modeling the Impact of Building Materials on Housing Environmental 
Performance  
This research study focused on maximizing the environmental performance of 
housing units based on their greenhouse gas emissions and water consumption. 
This can be expanded in future research to include the environmental impact of 
utilized building materials in the housing unit (Malin 1999; Odum 2002; Spiegel 
and Meadows 2010). This requires collecting and analyzing data and developing 
a model to evaluate the impact of building materials on housing environmental 
performance. This is expected to expand and enhance the capabilities of the 
housing environmental performance model that was developed in this study. 
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